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Abstract Smart sensor networks have a wide range of applications in the fields of environmental monitoring and
industrial automation, but their energy efficiency and node coverage optimization problems need to be solved. This
paper proposes a dual-strategy improved particle swarm optimization algorithm (CMKPSO) for solving the
deployment optimization problem of electronic sensing nodes. Combining the Boolean sensing model and
probabilistic sensing model, the coverage probability calculation framework is constructed. The cross-variance and
adaptive parameter improvement strategies are designed to enhance the global search capability of the algorithm
and accelerate the convergence. Simulation experiments show that the evaluation function value of CMKPSO is
finally stabilized at 0.94, which is 13%, 9%, and 4% higher than that of PSO, VF, and EABC. The CMKPSO algorithm
reduces the average queue captains to less than 15, so that most of the queue captains are concentrated in less
than 10, and significantly reduces the packet loss rate of the network and the node load pressure.

Index Terms sensor network, coverage optimization, node deployment, cross-variance, CMKPSO algorithm

. Introduction

With the continuous progress and application of science and technology, smart sensor network has become an
indispensable part of modern society [1], [2]. It can help us understand and monitor various complex environments
and devices more accurately, thus realizing more efficient and intelligent management and control [3], [4]. However,
one of the significant problems of smart sensor networks is that it requires a large amount of energy to support its
normal operation and work [5], [6]. Therefore, how to perform energy management and optimization in smart sensor
networks has become an important problem to be solved in modern technology [7].

For sensor networks, energy management is an extremely important issue [8], [9]. Because the basic
characteristics of sensor nodes are small size, limited energy, and need to work for a long time [10]. Therefore, it is
crucial to solve the energy problem and effectively utilize the energy of each sensor node in a sensor network [11],
[12]. If the energy in the sensor network can be managed reasonably and effectively, it can not only improve the
operational efficiency of the system, but also increase the lifetime of the sensor network, which in turn extends its
service life and reduces energy consumption, as well as reduce the management cost and maintenance difficulty
[13]-[16]. And energy optimization is an important issue in the design of smart sensor networks [17]. Sensor nodes
are numerous and widely distributed, so the management and utilization of energy must be efficient and durable
[18]. During the deployment and operation of sensor nodes, there are problems of uneven energy consumption and
energy wastage, so energy optimization needs to be studied to improve the energy utilization efficiency of smart
grid sensor networks [19]-[22]. As an optimization algorithm designed to simulate the behavior of bird flock foraging,
particle swarm optimization algorithm has gradually attracted attention in this field, which is able to achieve energy
optimization by simulating the search and migration strategy of particles in the solution space based on group
collaboration and information sharing during bird flock foraging [23]-[26].

In this paper, the construction method of sensing node coverage model is firstly described and the sensing node
deployment problem is proposed. Based on the Boolean sensing and probabilistic sensing model, the joint
optimization objective of area weight coverage and area coverage is designed. Improve the cross-variation
mechanism of genetic algorithm and optimize the control parameters relying on the adaptive dynamic adjustment
of inertia weights and learning factors. Construct node deployment optimization model based on CMKPSO algorithm
with coverage rate as the objective function. Design simulation experiments to verify the performance level of
CMKPSO algorithm and the advantages in network load balancing.
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ll. Improved particle swarm based optimization algorithm for sensing node coverage
The main objectives of the loT sensing layer are environment sensing and information transfer. Among them, the
sensing nodes have communication and data processing capabilities, so they can accomplish monitoring tasks in
unsupervised environments. The coverage of sensing nodes is an important indicator of the service quality of loT
sensing layer, which directly determines the information acquisition and data transmission ability of the network,
and the optimization of node coverage is important for improving the reliability of the network. At present, the
coverage optimization strategy is mainly divided into two categories, one is to plan the scheduling of nodes after
random deployment, so as to ensure the overall coverage of the network. The other category is to optimize the
deployment location of sensing nodes to maximize the network coverage. In practical environments, the random
deployment strategy usually deploys a large number of nodes to avoid coverage blind zones, and at the same time
will generate coverage redundancy resulting in network resource waste. Therefore, in environments where the
coverage area is small or the geographic information is known, rationalizing the deployment location of nodes can
save the deployment cost and reduce the waste of resources. For this reason, this paper proposes a fault-tolerant
optimization strategy of node coverage for the case of deterministic deployment of sensing nodes.

Il. A.System Model and Problem Description

Il. A.1) Coverage model

Assume that the sensing nodes are distributed in the region LxL with a sensing radius of R, and the set of nodes
is defined as N ={N|,N,,-*N,} , and accordingly, the coordinate information of each node is (x,,y,). The
perception range of a node is a circular range centered on the coordinates of the node with R as the radius. The
perception probability of a target within this range is 1 and vice versa is 0. Thus, the perception probability of a node
N, for any point g(a,b) within the region of interest is defined as shown in the following equation:

1, dy <R
p= Mg (1)
0, otherwise

where dqu is the Euclidean distance from the sensing node N, to the target point ¢ .

dy =, ~ ) +(y, D)’ 2)

Il. A.2) Description of the problem

In order to solve the problem of uneven distribution of sensing nodes in deterministic deployment, which leads to
excessive redundant coverage area, it is necessary to calculate the deployment position of sensing nodes so as to
optimize the coverage of sensing nodes. The deployed sensing nodes no longer move and each sensing node has
the same sensing range, so the total coverage of the monitoring area remains unchanged. Due to the existence of
duplicate coverage areas among the sensing nodes, the total coverage rate of the sensing nodes is difficult to be
calculated by the formula. To facilitate the calculation of the total coverage rate, the square monitoring area is divided
into LxL grids of equal size and area 1. The node coverage rate is the ratio of the number of grids covered by
nodes to the area of the square area, as shown in equation (3):

L L
2P (3)
a=1 b=l
L*L

cov =

where cov is the total coverage of the sensing node, (a,b) is an arbitrary point in the monitoring area, and 7 is
the probability that the point is covered by the sensing node.

The coverage calculation process is described as follows: the probability of sensing a grid by a sensing node is
calculated using Eq. (1) and Eq. (@); then, the total coverage of the monitoring area by a sensing node is calculated
using Eq. (3). On this basis, the total coverage cov of the sensing nodes is used as the objective function of the
improved particle swarm algorithm proposed in this paper to solve the coverage optimization problem. The location
of the sensing nodes is optimized using the proposed algorithm in this paper, so as to maximize the coverage of the
nodes on the monitoring area.
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Il. B.Node Deployment Techniques
. B.1) Node-aware modeling
To facilitate the study of the node deployment problem, a node perception model is first established to determine
how the nodes are perceived. There are two types of perception models currently used: the Boolean perception
model and the probabilistic perception model.

(1) Boolean perception model

Boolean models are also called 0-1 models. Denoted by the coordinates s(X,,Y,) is the position of a node in a
two-dimensional plane. It is assumed that each node in the model has the same circular sensing range, centered
on the node and with sensing radius R . The sensor node is able to collect data information within the sensing
range, while the region outside the sensing range is set as the sensing blind zone of the node, which cannot be
covered by the node.

Under this model, the probability that an event located at coordinates 2(X,.Y,) in the heliometric region is
sensed by the node s(X,,Y,) is as follows:

Ld(s,p) <R,
0,otherwise

P(s. p) = { 4)

(2) Probabilistic perception model

The Boolean perception model has only two results for the perception probability of each node in the target area,
one is perceived within the perception range of a node, and one is failed to perceive outside the perception range
of a node. In the actual process, the sensor nodes will be affected by the surrounding environment as well as the
problems such as the weakening of the transmission signal during the transmission and reception of the signal,
which leads to the inaccuracy of the data. Therefore, a perception probability model is proposed after considering
the actual situation. In the perception probability model, the probability that an event located at coordinates
p(X,.Y,) inthe target area is perceived by the node s(X,.Y;) is as follows:

P(s,p)=A/ld(s, p)* (5)

where the parameter 4 denotes a constant, the parameter @ denotes the sensing ability of the sensor node
s, i.e., the strength of the signal reception attenuation when the distance increases, and d(s,p) denotes the
distance from the node s to the location of the event 7. From the formula, the probability of perception is 1 when
the distance is 0, and the probability of being able to perceive the event 7 decreases as the distance increases.

Il. B.2) Node Deployment Classification
Categorized by the way nodes are deployed in their locations, node deployment can be divided into two main
categories: deterministic node deployment and random node deployment.

(1) Deterministic node deployment

Deterministic deployment is manual deployment, i.e., all sensor nodes have been planned for their location before
deployment. It is suitable for environments where the area is small, the application environment is more stable and
easy to deploy manually, such as hospitals, homes and other environments. With the goal of full coverage of the
event area, the network in the region is optimized to determine the location of each node to be installed in the region.

(2) Random node deployment

For application scenarios affected by factors such as large regions and harsh environments, such as deserts,
forests, and complex discrete production process workshops, it is impractical to use deterministic deployment.
Random deployment, on the other hand, can solve the above unfavorable factors. Since the initial deployment
location of the nodes in the random deployment scheme is not restricted, it is possible to use aircraft broadcasting
and other ways to deliver the sensor node's to the designated area. Random coverage can be divided into two
categories: random node coverage and dynamic coverage. Random node coverage refers to the delivery of sensor
nodes to the event monitoring area in a randomized way, which is characterized by the irregular distribution of nodes.
The disadvantage is that a large number of sensor nodes need to be deployed under the premise of ensuring full
coverage of the event area, resulting in a large number of node redundancies. Dynamic coverage is to utilize sensor
nodes with certain mobility to automatically form a network through relevant node deployment algorithms to achieve
full coverage of the event area.

Il. C.Particle swarm optimization algorithm with dual strategy improvement

Il. C.1) Cross-variant improvement strategies

In this section, the cross-mutation mechanism of the genetic optimization algorithm is introduced into the particle
swarm optimization algorithm in three steps, and the operation flow of particle cross-mutation is shown in Figure [
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Assume that the population size of the algorithm is N, the fitness function is fit(x), and the average fitness value
of all particles in the current population is fav(¢) at the ¢th iteration. Then for the particle x(z,i) whose fitness
value is larger than the current average fitness value, the first step is to randomly select a particle x(z,k) from the
population, and the second step is to produce a new individual x(¢,ii) by hybridizing x(¢,k) and x(z,i) .
Hybridization variation operation is shown in Eqn. (6)), where rand (0, 1) is a random number of 0-1. N (0, 1) obeys
normal distribution, and e is Euler's constant. The third step is to judge according to the fitness value, if the new
individual x(z,ii) is better than x(z,i), the new individual x(z,ii) is retained and used to replace x(#,7), and vice
versa, it is not retained as shown in Equation (7).

RU x(1,i)+ R2" x(t,k)

x(t,ii) = Rl R0 if (fit(x(z,0)) > fav(1)) ©)
where Rl= w; R2 =N 0D
x(t.0) = x(t, i) if (fit(x(t,i)) < fit(x(,0))) (7)
’ x(t,1) others
X(4,i) x(6.k) Take a random particle

fit(x(t,ii)) < fit(x(t,i))

x(t,ii)
Figure 1: Process of particle cross variation

Il. C.2) Adaptive Inertia Weights and Learning Factors

Particle swarm optimization algorithm in the iterative process, all the particles through the individual optimal and the
current global optimal tracking, the position and speed of the particles will be dynamically adjusted. PSO algorithm
through the fitness value of the objective function to evaluate the advantages and disadvantages of the particles as
well as the degree of evolution. In this paper, we take solving the minimum value of the objective function as an
example (solving the maximum value can be taken as the inverse of the same reason), assuming that the current
number of iterations is t times, f,(¢,i) isthe current fitness value of the ith particle, f..i,(#) is the current minimum
fitness value of all the particles, f,.x(f) is the current maximum of all the particles fitness value. We define the
concept of particle individual evolution factor K(z,i), then the mathematical expression of the evolution factor
K(t,i) of particle i at the tth iteration is shown in Equation (8):

) L )
K , — \% min 8
D= O @) ®)

Obviously K(z,i) takes values in the range of [0, 1], and when £, (z,i)= f,...(¢), K(t,i) is O, which means that
the current particle i is the strongest evolutionary degree at the tth iteration. When 7 (z,i)= £, .. (), K(t,i) is 1,

i.e., it means that the current particle i is the weakest in evolution at the tth iteration.

Assuming that the maximum number of iterations is T, it is not difficult to find that the evolutionary factor of the
particle is to judge the evolutionary degree of each particle at the tth iteration through Eq. (@), and different inertia
weight improvement strategies and learning factor improvement strategies can be formulated according to the
evolutionary factor of the particle. In this paper, the evolution factor is introduced into the inertia weights and learning
factor, while the linear variation is changed to sinusoidal transformation in terms of inertia weights. The mathematical
expression of the inertia weight model of particle i at the tth iteration is shown in Equation (@):

W(tzi) = K(ta Z) * Wend + (Wstart ~ Wend ) *sin |:%* (1 _%):| (9)
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where T is the maximum number of iterations of the algorithm, w,,, is the initial inertia weight with a value of 0.9,
w,,q is the inertia weight at the end with a value of 0.4, and K(z,i) is the evolutionary factor for the tth iteration of

particle i.
In terms of learning factor, this section does the improvement strategy as shown in Eq. (10):

¢ =2-0+0.5+ KD

T (10)

Then its velocity and position update equations are shown in equation (11) and equation (@).
V,(t +1) = w(t,i) V,(t) + ;i (Pbest, (1) — X, (£)) + ¢, 15 (Gbest (1) — X, (1)) (1)
X, (t+1)= X, () +V,(t+1) (12)

In summary, this paper proposes the CMKPSO algorithm.

Set the size of the monitoring
area, the number of sensing
nodes, and the initialization

algorithm parameters

2
Initialize node positions and
calculate coverage

—w

Calculate the location of
nodes in the particle
population and calculate the
coverage rate

L2
The individual and global
optimal values of particles
are obtained
2
Adjust the particle position,
calculate the coverage, and
obtain a better node position

Reach the
maximum number
of iterations?

Figure 2: Flowchart of the algorithm

Il. C.3) Description of the Coverage Optimization Algorithm
The particle swarm algorithm is prone to premature maturation of the population during the search process, which

leads to uneven distribution of nodes and high duplicate coverage when used to solve the node coverage problem.
For the previous paper, an improved particle swarm algorithm CMKPSO is proposed, which improves the search
strategy of the particles. Based on this, a node coverage optimization algorithm is proposed in this section, and its
flow is shown in Fig. 2.

The algorithm flow description is specified as follows:
Step 1: Set the size of the monitoring area and the number of sensing nodes to initialize the algorithm parameters;

Step 2: Correspond the coordinates of nodes to particles and initialize the position coordinates, and calculate the

coverage of the initialized population;
Step 3: The algorithm enters into iteration, calculates the position of the node after each iteration, and calculates

the current coverage rate;
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Step 4: obtaining the individual optimal value and the global optimal value based on the current coverage rate
and the particle position;

Step 5: Adjusting the particle positions using an improved search strategy and calculating the coverage rate to
arrive at a more optimal node position;

Step 6: determine whether the number of iterations is satisfied, if not, continue to execute step 3, otherwise output
the optimal node coordinates as well as the adaptation value.

lll. Experimental analysis of CMKPSO-based simulation for coverage optimization of
sensing nodes

lll. A. Performance validation

In order to further analyze the performance of the proposed algorithm, this paper simulates and compares the
standard particle swarm optimization (PSO) algorithm, the virtual force (VF) algorithm, the extrapolated artificial bee
colony (EABC) algorithm, and the CMKPSO algorithm proposed in this paper, and the results of the performance
comparison are shown in Figure 3. The results in Fig. 3/ show that the evaluation function value of this paper's
algorithm is finally stabilized at 0.94 after 60 iterations. in terms of coverage, this paper's algorithm improves 13%
compared to PSO algorithm, 9% compared to VF algorithm, and 4% compared to EABC algorithm. Meanwhile, from
the point of view of the convergence speed of the algorithm, the convergence speed of this paper's algorithm is the
fastest among all the algorithms. PSO algorithm relies only on the self-cognition and social cognition of the particles
to guide the evolution of the particles, which leads to the slow iteration of the algorithm and is difficult to obtain the
global optimal results; VF algorithm iterates quickly but the coverage effect is not ideal; and the EABC algorithm is
a typical improvement to the swarm intelligence algorithm, which speeds up iteration and improves the optimality
finding effect by extrapolating equations, but not sufficiently mining The EABC algorithm is a typical improvement
of the swarm intelligence algorithm, which speeds up the iteration and improves the optimization effect by
extrapolating the equations, but it does not fully explore the relevant characteristics in the model, which leads to the
effect is not as good as that of this paper.
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Figure 3: Performance comparison of four algorithms

The coverage of each algorithm after running with different number of sensing nodes under a 100mx50m area is
shown in Table \1\ and Figure 4. Where, f1 represents the area weight coverage and f2 represents the area coverage.
Obviously, as the number of nodes increases, the coverage of the area also increases. Combining Table 1\ and
Figure 4|, it can be seen that the CMKPSO algorithm in this paper outperforms all other three algorithms in terms of
area coverage, especially in terms of focus area coverage, this paper is able to maintain a higher focus area
coverage by adaptively and dynamically adjusting the inertia weights and the learning factor, and when the number
of nodes is smaller, this advantage is more obvious. For example, when N=15, the regional weight coverage of
CMKPSO algorithm is about 35% higher than that of EABC algorithm, VF algorithm, and PSO algorithm on average,
and the other 3 algorithms show a certain degree of randomness in their coverage of the focus region due to the
lack of differentiation of regional importance.
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Table 1: Comparison of coverage under different number of nodes (%)
CMKPSO EABC PSO VF
Number of nodes
fi fa i fa fy f, fi fa
15 82.5 68.3 59.3 58.2 62.9 52.5 59.5 58.4
30 89.3 76.2 62.5 67.9 68.4 60.4 66.3 62.5
45 90.7 79.6 65.5 69.2 70.1 63.5 68.4 65.8
60 92.9 82.5 73.7 74.1 74.8 67.7 72.8 71.2
75 94.8 91.4 84.6 81.7 80.2 75.2 80.4 77.9
90 97.2 93.3 91.3 88.5 87.6 82.5 89.7 84.4
20 40 60 80
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80 [~ 4‘—,—'—,—‘ -
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Figure 4: Comparison of the coverage degree of each algorithm

lll. B. Analysis of simulation results

When the simulation system enters the steady state, the packet loss rate also tends to be constant. The CMKPSO
algorithm is used to fine-tune the number of service desks of the nodes with higher burdens, and the number of
queues at steady state before and after adjustment is shown in Fig. 5. After adjustment, the average captains of all
nodes are within 15. While before adjustment, the maximum average captain of the nodes is close to the cache
maximum value of 20. Therefore, after adjustment, the nodes have greater compatibility with network congestion.

Average queue length

| Before adjustment [l After adjustment‘

20
154

10

10 A
15

20 1

1 2 3 4 5 6 7 8

Number of nodes

Figure 5: Comparison of average cohort lengths

Before and after the adjustment, the steady state probability of the nodes also changed greatly, and the
comparison of the steady state probability is shown in Figure @ Before the adjustment, the captain of node 1 has
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been in an increasing state, and the steady state probability shows an increasing trend. This indicates that the node
data queuing continues to rise, and when it exceeds the maximum value of the node packet cache, severe packet
loss occurs and blocks the network. When the system is adjusted to steady state, the steady state probability shows
a decreasing trend as the captain increases. When the captain exceeds 15, its steady state probability tends to 0,
which indicates that when the system reaches steady state, this node will not cause cache underrun. Therefore,
blocking and packet loss will not occur at this node.

Before adjustment [Jlll After adjustment

0.3

Probability
o = o I
-4 = [ o
1 1

=
o
1

03

T T T

Queue length

Figure 6: Comparison of steady-state probabilities at node 1

After the adjustment, the node queuing situation also changes greatly, and its before and after comparison results
are shown in Fig. m From the queuing situation of node 1 before the adjustment using CMKPSO algorithm, it can
be seen that the packet captain is almost close to the maximum value of the node cache length. Therefore, system
blocking due to insufficient node cache may occur. From the queuing situation after the CMKPSO algorithm
adjustment, it can be seen that most of the queuing captains of the nodes are concentrated in less than 10, and
basically there is no blocking caused by insufficient packet queuing cache.

‘ Before adjustment [l After adjustment

Queue length
(=3

B AL

T ) T T
0 200 400 600 800 1000

Time/s

Figure 7: Comparison of queuing situation at node 1

IV. Conclusion

In this paper, for the problem of energy optimization and node coverage in smart sensor networks, a deployment
optimization method based on the dual-strategy improved particle swarm algorithm (CMKPSO) is proposed, and
the research conclusions are as follows:

(1) The performance is significantly improved: the CMKPSO evaluation function value is finally stabilized at 0.94,
which is 13% higher than the PSO algorithm, 9% higher than the VF algorithm, and 4% higher than the EABC
algorithm. Meanwhile, the convergence speed of the algorithm is the best among all algorithms. When there are
fewer nodes (e.g., N=15), the coverage of key areas is improved by 35% on average compared with the comparison
algorithm, which verifies the adaptability of the algorithm to sparse deployment.
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(2) Network load optimization: Based on CMKPSO algorithm, the number of node service stations is adjusted to
reduce the average captain to less than 15, and most of the queuing captains are concentrated in less than 10, and
the steady-state probability tends to be close to zero, which reduces the risk of packet loss and improves the network
stability.
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