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ABSTRACT Effectively combining various evolutionary computing algorithms and leveraging the advan-
tages of each can significantly enhance the convergence speed and solution quality of the algorithm.
However, a mere combination of evolutionary computing algorithms may not comprehensively improve
optimization performance and may even lead to poorer performance in certain optimization problems. The
aim of the paper is to provide a fundamental integrating platform and method based on species explode
and deracinate algorithm. Utilizing the species explode and deracinate algorithm as a foundation, this
study presents a hybrid algorithm named SED-PSO algorithm by utilizing the particle swarm optimiza-
tion algorithm as an exemplar. The outcomes of the simulations conducted on 27 benchmark functions
published by the Competition on Evolutionary Constrained demonstrate that the SED-PSO algorithm
exhibits exceptional convergence accuracy, robust stability, and rapid convergence speed. The simulation
results comprehensively illustrate that the species explode and deracinate algorithm serves as a fundamental
integrating platform for diverse evolutionary computing algorithms, while also incorporating the strengths
of each algorithm. Additionally, the outcomes of the optimization of sensor network coverage reveal that the
SED-PSO algorithm exhibits superior solution quality, minimal occurrence of local extremum, and enhanced
stability and efficacy.

INDEX TERMS Evolutionary computing algorithm, species explode and deracinate algorithm, particle
swarm optimization algorithm, competition on evolutionary constrained, optimization of sensor network
coverage.

I. INTRODUCTION
Evolutionary computation (EC) [1], [2] is well suited to
solving complex optimization problems. Such evolutionary
computing technologies are widely used to solve complex
optimization problems as genetic algorithm (GA) [3], par-
ticle swarm optimization (PSO) algorithm [4], differential
evolution (DE) [5], ant colony optimization (ACO) [6],
[7]. The randomness is the root of the simple theory and
flexible design of EC algorithms, but it also makes EC
algorithms non-analytic and the optimization results are
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uncertain. To date, there is no one EC algorithm has been able
to comprehensively outperform the other EC algorithms in all
CEC benchmark functions [8], [9]. However, it is still the goal
of researchers to improve the performance of EC algorithms,
and many improved and new EC algorithms have been pro-
posed successively, such as improved GA algorithms [10],
[11], improved PSO algorithms [12], [13], species explode
and deracinate (SED) algorithm [14] and so on.

Compared with other EC algorithms, PSO algorithm has
been proved to be easy to implement, and has the charac-
teristics of fast convergence and high convergence accuracy.
There are a number of improved PSO algorithms have
been proposed [15], [16], [17], [18], [19], [20], [21]. These
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improvement methods mainly include four categories: (1) the
methods to set the parameters of PSO algorithm [22], [23], (2)
the methods to integrating of PSO algorithm with other EC
algorithms [24], [25], (3) the methods to improving the topol-
ogy structure of PSO algorithm [12], [19] and (4) the methods
to combining of control theory and PSO algorithm [26].
These improved methods can effectively improve the opti-
mization performance of the basic PSO algorithm. However,
the optimization performance of a single improved method is
not overall superior in all CEC benchmark functions. Even
if the different improved methods are combined, the perfor-
mance of PSO algorithm may not be further improved, even
worsen.

Not only the improved PSO algorithms have above prob-
lems, but also the improved methods of other EC algorithms
show such same problems as: (1) each EC algorithm has
its own advantages, but no algorithm can comprehensively
outperform other EC algorithms; (2) each improved EC algo-
rithms can effectively improve the performance of the basic
algorithm, but none of them can comprehensively outperform
other improved methods; (3) the simple combination of vari-
ous EC algorithms or the combination of improved methods
of each EC algorithm cannot comprehensively improve the
optimization performance of the algorithm, and the perfor-
mance even worse in some optimization problems.

If there is a method that can effectively integrate various
EC algorithms and give full play to their advantages, the prob-
lem that different EC algorithms have different performance
in various optimization problems can be solved. Based on the
explode and deracinate of species in the evolutionary history,
we have proposed a newEC algorithm, named SED algorithm
which is likely to integrate various EC algorithms and take
advantage of the advantages of each EC algorithm.

The SED algorithm mainly consists of two operation
stages. The first stage is species exploding. On the basis of
existing species, the number of species reaches M times by
derivation. The second stage is species deracinating. After the
species exploding, the number of species are decreased, and
the optimal species are retained and the rest are eliminated.
SED algorithm has the following characteristics: (1) Sim-
plicity. SED algorithm requires less configuration parameters
which can be found in TABLE 2, and is easy to implement. (2)
Global optimal. SED algorithm can effectively avoid falling
into local extremum. (3) High efficiency. SED algorithm can
quickly find the global optimal solution, and the solution
accuracy is high. The above characteristics of SED algorithm
can also be clearly found in the subsequent simulation results
of this paper.

To reduce the computational burden, we only integrate
SED algorithm with the basic PSO algorithm which named
SED-PSO algorithm in this paper. And the feasibility and
superior performance of SED algorithm integrated with other
EC algorithms will be illustrated by SED-PSO algorithm.

The organization of this paper is as follows. In section II,
the basic principle of SED algorithm, PSO algorithm and
ECE-PSO (explorative capability enhancement in PSO)

algorithm [12] are introduced. In section III, the method of
integrating SED algorithm with PSO algorithm are specifi-
cally discussed. In section IV, the performance of SED-PSO
algorithm is validated on CEC benchmark functions and sen-
sors deployment applications.

II. RELATED WORK
A. SED ALGORITHM
SED algorithm [14] which is based on the species explod-
ing and deracinating phenomena found in the evolutionary
history of organisms and the idea of species catastrophe
evolution theory, is a newEC algorithm. By species exploding
and deracinating, SED algorithm can find the optimal result.
A balance will be achieved between the global optimum and
the local extremum by introducing the strategies of main
branch transfer and species derivative ability shrink.

In SED algorithm, each iteration includes the exploding
and deracinating operations of all species, and the maximal
iteration is denoted as FEmax in this paper. Assuming the
dimension of the search area is D, and the number of surviv-
ing species is S. X s =(xs,1, xs,2, . . ., xs,D), denotes the s-th
species, and 1≤ s≤ S. The fitness value of the s-th species is
denoted as Ys = f (X s). Function f is the fitness function.
A∈ [Amin, Amax] represents the derivative ability of species,

Amax represents the maximum derivative ability of species,
and Amin represents the minimum derivative ability of
species. Generally, Amax < Lmax, Amin > Lmin and Amin >

0. [Lmin, Lmax] represents the search interval.

1) SPECIES EXPLODING
Species exploding means the birth of a large number of new
species. In SED algorithm, species exploding is a derivation
function, and each surviving species producesM (M> 0) new
species, that is, exploding ofM times. A new species derived
from the s-th species is denoted XPs, and its derivation func-
tion is as follows.

XPk,js = Xk
s + rand × Aks (1)

APk,js =
Amax − Amin

Gs + 1
(2)

where XPk,js denotes the new species derived from the s-th
species in the j-th exploding at the k-th iteration, and 1 ≤ s≤
S, 1 ≤ j≤ M , 1≤ k≤ FEmax. Xk

s denotes the s-th surviving
species in the k-th iteration. rand is a random vector between
(0, 1) with the same dimension as Xk

s . A
k
s represents the

derivative ability of the s-th species in the k-th iteration. APk,js
represents the derivative ability of the new species derived
from the s-th species in the j-th exploding at the k-th iteration.
Gs is the number of generations of the s-th surviving species.
The species that meet the requirements of new species

derivation called the main branch species. Only the main
branch species can derive new species. After each exploding,
the fitness value of the new species will be compared with the
main branch species. If the fitness value of the new species
is better, the new species will be labeled as the main branch
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TABLE 1. 27 benchmark functions published by CEC.
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TABLE 1. (Continued.) 27 benchmark functions published by CEC.

TABLE 2. Parameters setting of four algorithms.

species, otherwise the main branch species will not change.
If the main branch species changed, Gs increases by 1, and
the derivative ability of the main branch species is replaced
by the derivative ability of the new species.

Xk
s = XPk,js (3)

Aks = APk,js (4)

2) SPECIES DERACINATING
Species deracinating means the disappearance or destruction
of the non-renewability of a species. In SED algorithm, some
species with poor fitness values will not be able to produce
new species. The species produced by exploding will be
ranked, and the S species with the best fitness value will be
retained, while the remaining species will be eliminated. And
the derivative ability of all surviving species will shrink, and
the derivative ability of surviving species will be adjusted as
follows. {

Aks = αAks while Aks > Amin

Aks = Amin while Aks ≤ Amin
(5)

where α is the shrinkage coefficient and α < 1. The smaller
α is, the faster the algorithm converges, but the algorithm is
more likely to fall into local extremum. On the contrary, the
larger α is, the slower the convergence speed of the algorithm
is, but the exploration of the search area by the algorithm
is more comprehensive and detailed, which is conducive to
finding the true global optimal. Experiments show that when

α is 0.1 ∼ 0.5, SED algorithm can achieve a better balance
between convergence speed and falling into local extremum.

According to Eq. (5), with the increase of the iteration,
the derivative ability of species will decline rapidly, that is,
the older the species, the weaker the derivative ability. Amin
can prevent the derivative ability of species shrinking to zero,
so that SED algorithm can continue to explore the optimal
solution and maintain the diversity of the population.

Species Deracinating is a redistribution of computing
resources, which allows high-quality species and their
descendants to havemore derivative opportunities, andmakes
the area with search value full of species, so as to realize fine
exploration. Therefore, SED algorithm can take into account
the convergence ability and solution quality.

In SED algorithm, the derivative ability of the main branch
species does not always decrease. As shown in Figure 1,
assuming that a smaller fitness value represents better perfor-
mance of the species. Species a as the main branch derived
b. Since Yb > Ya, species c was derived from a. However,
species d was derived from c which is the main branch
because Yc< Ya. And species d becomes the main branch
because Yd< Yc. According to this law, the species next
continues to be derived, so as to approach the optimal point
T . Since the derived species c has a better fitness value, the
main branch transfer occurs, and the species c has a greater
derivative ability than species a, because the restrictions of
shrinkage coefficient and the number of generations.

3) THE IMPLEMENTATION OF SED ALGORITHM
The specific steps of SED algorithm are as follows:

Step 1: Initialize surviving species which are main branch
species, and the number of main branches is S. And initialize
derivative capacityA and shrinkage coefficientα of eachmain
branch species.

Step 2: Perform species exploding. Each main branch
species will randomly derive a new species within its range
of derivative ability. Detect whether the new species crosses
the boundary. If the new species crosses the boundary, the
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FIGURE 1. Diagrammatic sketch of species derivatives.

FIGURE 2. The flow chart of SED algorithm.

new species will be processed according to Part D ‘‘Trans-
boundary Processing’’ in Section II, the generation number
Gs of new species is added by 1, and the new derivative ability
of new species is obtained according to Eq. (2). If the new
species has a better fitness value than themain branch species,
the main branch species will be replaced by the new species.

Step 3: Perform species deracinating. According to the
fitness values of all species, retain the optimal species and
eliminate other species. The retained species are surviving
species, and the number of surviving species is S.
Step 4: Shrink the derivative ability of surviving species.

The derivative ability of all surviving species is shrunk
according to Eq (3).
Step 5: Complete this iteration and check the termination

conditions. If the conditions are satisfactory, the optimal
species will be output and the algorithm will terminate. Oth-
erwise, switch to step2.
The flow chart of SED algorithm is shown in Figure 2.

B. PSO ALGORITHM
PSO algorithm originated from the group behavior of birds
and fish. In PSO algorithm, the population is composed of

a large number of particles. Each particle which represents
a potential solution is a point in the search space, and has a
fitness value and a velocity. PSO does not require any derivate
information of the optimized function, uses only rudimentary
mathematical operators, and is conceptually very simple.

Assuming the dimension of the search area is D, and the
number of particles in the PSO algorithm is N (i.e., the
population size isN ). The position and velocity of the particle
are xi = (xi,1, xi,2, . . ., xi,D ), vi = (vi,1, vi,2, . . ., vi,D ), 1 ≤

i≤ N . The fitness value of the particle is Y = f (xi).
The relationship of position and the velocity after the k-th

iteration are obtained in the following updating formula.

vk+1
i,d = ω · vki,d + c1 · r1 · [pki,d − xki,d ]

+ c2 · r2 · [gkd − xki,d ], 1 ≤ d ≤ D (6)

xk+1
i,d = xki,d + vk+1

i,d (7)

where ω is inertia weight, and pi is the best previous position
of xi while g is the best overall position achieved by a particle
within the entire population. pki,d is the d-th dimension of
the pi in the k-th iteration, and gkd is the d-th dimension of
the g in the k-th iteration. The acceleration factors c1 and c2
are positive constants that control the relative impact of the
personal knowledge and common knowledge on the move-
ment of each particle. r1 and r2 are independent, uniformly
distributed random variables in the range of (0, 1). To avoid
the particle beyond the optimized range, the particle posi-
tion and speed must be limited, i.e., vki,d ∈[ − Vmax,Vmax],
xki,d ∈[Lmin, Lmax], where [Lmin, Lmax] represents the search
interval. Usually, Vmax = Lmax − Lmin, Vmin = − Vmax.

C. ECE-PSO ALGORITHM
In ECE-PSO algorithm, each particle produces some virtual
particles which represent candidate positions. The particle
will be replaced by the best one among virtual particles and
itself. The main idea of ECE-PSO algorithm is [12]: after
each iteration, particles with better fitness value under the
current iteration times are selected as ECE particles. Each
ECE particle generates P virtual particles according to Eq.
(8). If the fitness of the virtual particles is better than the
current ECE particles, the current ECE particles are replaced
with the virtual particles with the best fitness among S virtual
particles.

xpi,d = xi,d + sin(2π · rand1) · R · rand2 (8)

where p = 1, 2,. . . , P. rand1 and rand2 are independent
random numbers between (0, 1). The virtual particles are
randomly located in a circle whose center is xi and the radius
is R. R is related to the specific optimization problem. The
method of adaptive adjustment of R is shown in Eq. (9).

R =
L

Grid
·

(
1 − 0.9 ·

k
FEmax

)
(9)

where L = Lmax-Lmin represents search domain, and FEmax
is the maximal iteration.Grid represents the number of subin-
tervals which are produced by equally dividing L.
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D. TRANSBOUNDARY PROCESSING
It is inevitable for particles and species to cross the boundary
in PSO algorithm and SED algorithm. Therefore, the particles
and species must be detected for transboundary, and if they
exceed the required range, the transboundary particles and
species must be processed.

Taking PSO algorithm as an example, the methods of
transboundary processing are as follows.

① Absorption boundary. The particle takes its boundary
value in this dimension if the particle crosses the boundary
in this dimension.

② Reflection Boundary. The particle has the same velocity
in this dimension but the direction is reversed, if the particle
crosses the boundary in this dimension.

③ Invisible boundary. If the particle crosses the boundary,
the particle does not participate in the next iteration.

④ Random reflection boundary. Reinitializes the particle
value in this dimension, if the particle crosses the boundary
in this dimension.

III. SED-PSO ALGORITHM
In basic SED algorithm, each species represents a single
individual. If each species in SED algorithm is defined as
a population composed of several similar individuals, SED
algorithm can provide a basic algorithm combination plat-
form for integrating various EC algorithms. In this way, each
surviving species in the SED algorithm has only one individ-
ual, while species exploding, each new species generated by
the species exploding can continue to generate a number of
species with the same type. That is, each new species gener-
ated by the species exploding can adopt other EC algorithm
to generate a number of species with the same type.

To reduce the computation burden and illustrate the excel-
lent performance of the integrating SED algorithm with other
EC algorithms, only the basic PSO algorithm and basic SED
algorithm are integrated which named SED-PSO algorithm
in this paper. The specific steps of SED-PSO algorithm are
as follows:

Step 1: Set the parameters of SED algorithm, including:
the number of surviving species S, the derivative ability A of
all surviving species, the generation number G of surviving
species, species exploding timesM , the shrinkage coefficient
α, and the iteration number of the algorithm FEmax.
Step 2: Set the parameters of the PSO algorithm, including:

population size N , acceleration factors c1 and c2, inertia
weight ω, the maximum particle moving speed vmax and
v−max, and the iteration number of the PSO algorithm iter.
Step 3: Establish fitness function (i.e., objective function)

according to optimization problem.
Step 4: Initial the surviving species of SEDwhich are main

branch species, and then calculate the fitness of each surviv-
ing species. The initialization formulas for each dimension of
each species are as follows.

Xs,d = Lmax + (Lmin − Lmax) × rand (10)

As = Amax − Amin (11)

where Xs,d represents the d-th dimensional value of the s-th
surviving species. As represents the derivative ability of the
s-th surviving species. rand is a random scalar between (0,
1). [Lmin, Lmax] represents the search interval. Amax and Amin
represent the maximum and the minimum derivative ability
of species individually.

Step 5: Perform species exploding. Each main branch
species will randomly derive a new species within its range
of derivative ability according to Eq. (1) and Eq. (2).
Step 6: Detect whether the new species crosses the bound-

ary. The value of each dimension of the new species should
be within the interval of [Lmin, Lmax]. If it is not within this
interval, the dimension crosses the boundary (i.e., the new
species crosses the boundary). For the transboundary species,
the value of transboundary dimension is replaced by random
number in the interval of [Lmin, Lmax].
Step 7: Use PSO algorithm to deeply exploration for each

new species generated by species exploding.
①GenerateN particles based on the new species generated

by species exploding. Each particle is generated as follows.

xi,d = rand × XPk,js,d (12)

vi,d = (Lmax − Lmin) × (rand − 0.5) (13)

where xi,d represents the d-th dimensional value of the i-th
particle. vi,d represents the velocity value of the d-th dimen-
sion of the i-th particle. XPk,js,d represents the d-th dimensional

value of the XPk,js . i = 1,2, . . . , N .
② Detect whether the position of each particle crosses

the boundary. The value of each dimension of each particle
position should be within the interval of [Lmin, Lmax]. If it is
not within this interval, the dimension crosses the boundary
(i.e., the particle crosses the boundary). For the transboundary
particle position, the value of transboundary dimension is
replaced by random number in the interval of [Lmin, Lmax].

③ Calculate the fitness values of each particle according to
the fitness function. And select the global optimal solution g,
and the best previous solution pi of each particle is the current
position of the particle.

④ Update the velocity and position for each particle
according to Eq. (6) and Eq. (7), and detect whether the
position or velocity crosses the boundary. The velocity value
of each dimension of each particle should be within the
interval of [− (Lmax− Lmin), (Lmax − Lmin)]. If it is not within
this interval, the dimension crosses the boundary. For the
transboundary particle velocity, the value of transboundary
dimension is replaced by random number in the interval of [
− (Lmax − Lmin), (Lmax − Lmin)]. The position value of each
dimension of each particle should be within the interval of
[Lmin, Lmax]. If it is not within this interval, the dimension
crosses the boundary. For the transboundary particle position,
the value of transboundary dimension is replaced by random
number in the interval of [Lmin, Lmax].

⑤ Calculate the fitness values of each particle according to
the fitness function. And select the global optimal solution g
and the best previous solution pi.
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For each particle, if the fitness value of updated particle is
better than the fitness value of pi, the pi is replaced by the
position of the updated particle. After all particle position are
updated in each iteration, the particle with the best fitness
value is selected. If the fitness value of this particle is better
than the fitness value of the global optimal solution g, the
global optimal solution g is replaced with the position of this
particle.

⑥ Repeat steps ④∼⑤ until the iteration number of PSO
algorithm is equal to iter.

⑦ Replace the value of the new species generated by
species exploding with the global optimal solution g, i.e.,
XPk,js = giter , if the fitness value of g is better than the fitness
value of XPk,js .
Step 8: Mark the main branch species. If the fitness value

of the new species is better, the new species was labeled as
the main branch species; otherwise, the old species was the
main branch species. Only main branch species can derive a
new species. If themain branch species changed,Gs increases
by 1. And the derivative ability of the main branch species is
replaced by the derivative ability of the new species as shown
in Eq. (3) and Eq. (4).
Step 9: Repeat Steps 5 to 8, until all surviving species

explodingM times.
Step 10: Order the fitness values of all new species gen-

erated by species exploding. Select S species with the best
fitness value as the surviving species. Shrink the derivative
ability of the surviving species according to Eq. (5). And
eliminate other species.

Step 11: Repeat step 5 to 10, until the termination condition
is met.

The flow chart of SED-PSO algorithm is shown in
Figure 3.

IV. SIMULATION AND PERFORMANCE ANALYSIS ON THE
BEHCHMARK FUNCTION PUBLISHED BY CEC
To analyze the performance of SED-PSO algorithm in detail,
27 benchmark functions published by CEC are selected, All
the benchmark problems considered here are the minimiza-
tion problems. For each problem, the formula, search range,
global minimum, and error goal are recorded in Table 1.
These benchmark functions include unimodal functions, mul-
timodal functions, and the biased function. Except f18 which
is 100 dimensions, the other functions are 30 dimensions.
The performance of SED-PSO algorithm in solving the
27 selected CEC benchmark functions are compared with
three optimization algorithms known as: PSO, ECE-PSO and
SED.

A. PARAMETER SETTING
The parameter settings of PSO, SED, ECE-PSO and
SED-PSO algorithm are shown in Table 2. The maxi-
mum of iteration of the above algorithms are 2000 (i.e.,
FEmax =2000). And Monte Carlo experimental analysis
method is adopted, and Monte Carlo experiment times is
30 times.

B. PERFORMANCE EVALUATION INDEX
To comprehensively evaluate the performance of SED-PSO
algorithm, six indexes including the success rate (SR), the
metrics success performance (SP), the best fitness value of
the optimal solution (BF), the mean fitness value of the
optimal solution (MF), the variance of the fitness value of
the optimal solution (VF) and the worst fitness value of the
optimal solution (WF) are adopted. For the cases where SPs
are not available, we use the fitness value.

A run during which the algorithm achieves a solution at the
fixed accuracy level within the maximum number of function
evaluations (i.e., FEmax) is considered to be successful.
The success rate is the proportion of the number of suc-

cessful runs in the total number of runs (i.e., Monte Carlo
experiment times is the total number of runs).

SR = #of successful runs/total #of runs (14)

The success performance (SP) is the number of function
evaluations for the algorithm to reach the fixed accuracy level.
The mean SP [27] is

mean(SP) =

[(1 − SR)/SR]FEmax

+mean(#of function evaluations for successful runs)

(15)

The optimal solution is the solution that is closest to the
expected solution in a run.

The BF is the best fitness value in all of Monte Carlo
experiments results.

The MF is the mean fitness value of all Monte Carlo
experiments results.

The VF is the variance of fitness values of all Monte Carlo
experiment results.

The WF is the fitness value of solution with the largest
deviation from the expected solution in all Monte Carlo
experiments.

C. SIMULATION RESULTS ANALYSIS
The changing curves of fitness values of the four optimization
algorithms along with iterations are shown in Figure 4. It is
obvious SED-PSO algorithm has an excellent performance in
most minimization problems listed in Table 1, except f12, f13,
f14, f18, f25.
The MF, SP and SR of four optimization algorithms are

shown in Table 3. From the table we can find the MF,
SP and SR of SED-PSO algorithm are best in 17, 23 and
23 minimization problems individually, compared with SED,
PSO and ECE-PSO algorithms. The number of best MF,
SP and SR of SED algorithm are 2, 12 and 12, individu-
ally. The number of best MF, SP and SR of PSO algorithm
are 0, 2 and 2, individually. The number of best MF, SP and
SR of ECE-PSO algorithm are 8, 18 and 18, individually.
These indexes indicate SED-PSO algorithm can effectively
improves the performance of SED and PSO algorithms, and
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FIGURE 3. The flow chart of SED-PSO algorithm.

the SP of SED-PSO is significantly reduced, which means
SED-PSO needs less iteration than SED and PSO algorithms.

The BF, MF, WF, VF of the four optimization algorithms
in 30 Monte-Carlo experiments are shown in Table 4. From
the table we can find the best BF, WF and VF of SED-PSO
algorithm are 19, 20, 19 individually, compared with SED,
PSO and ECE-PSO algorithms. The number of best BF, WF
and VF of SED algorithm are 5, 2 and 1, individually. The
number of best BF, WF and VF of PSO algorithm are 0,
0 and 1, individually. The number of best BF, WF and VF
of ECE-PSO algorithm are 11, 8 and 6, individually. These
indexes indicate SED-PSO algorithm in general outperform
other algorithms on most of the minimization problems. And
SED-PSO algorithm has a better stability than SED and PSO
algorithms, because the VF of SED-PSO algorithm is less
than SED and PSO algorithms. The experimental results also
indicate that the convergence speed and solution quality of
SED-PSO algorithm outperform the ECE-PSO algorithm.

The above results of 27 minimization problems compre-
hensively reflect the performance of the SED-PSO algorithm,
which indicates SED-PSO algorithm has a high solution
quality, strong stability and fast convergence speed, and
can be applied to the large complex optimization problems.
Although SED-PSO algorithm does not achieve the purpose
of overall dominance compared with the SED and PSO algo-

rithms, SED-PSO algorithm has a better solution quality in
20 minimization problems. Except f25 (Shifted Rastrigin),
the solutions quality of SED-PSO algorithm are between
SED and PSO algorithms in 6 minimization problems. It is
obviously that SED algorithm can provide a basic platform
to integrate various EC algorithms, and can take into account
the advantages of each EC algorithm.

V. SIMULATION AND PERFORMANCE ANALYSIS ON
COVERAGE OPTIMIZATION OF SENSOR NETWORKS
A. SENSOR COVERAGE MODEL
Assuming the sensing radius of sensor is rs, and the uncer-
tainty range of sensing is δrs (δ<1). Then the detection
probability of target T(xt , yt ) to sensor Sj is as follows.

pRj =


0 d(Sj,T )/rs − 1 ≥ δ

λ2 exp(−
λ1α

β1
1

α
β2
2

) − δ ≤ d(Sj,T )/rs − 1 < δ

λ2 d(Sj,T )/rs − 1 < −δ

(16)

where d(Sj,T ) =

√
(xt − xs,j)2 + (yt − ys,j)2 is the distance

between target T and sensor Sj. λ1, λ2, β1 and β2 are param-
eters related to the characteristics of the sensor. α1 and α2 are
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FIGURE 4. The changing curves of fitness values along with iterations in 27 benchmark functions.

input parameters, and their value are related to rs and d(Sj,
T ). The relationship is as follows.

α1 = rs(δ − 1) + d(Sj,T )

α2 = rs(δ − 1) − d(Sj,T ) (17)

The coverage model of sensor node shown in Eq. (16)
is usually referred to as the probabilistic coverage model,
which is derived from the binary coverage model. To the
noise interference, the probabilistic coverage model is more
realistic than the binary coverage model. However, to the
sensor networks coverage optimization methods, the proba-
bilistic coverage model is more complicated than the binary
coverage model, and it is often difficult to use geometric
analytic methods to find the optimal location deployment
of sensor nodes. Because SED-PSO and ECE-PSO have an
excellent performance in most minimization problems listed
in Table 1, we use SED-PSO and ECE-PSO algorithm to find
the optimal location deployment of sensor nodes.
Definition 1: Effective coverage point: when pR ≥ pth, the

target is perceived by the sensor node with a high probability,
and the location of the target is called effective coverage
point.

Definition 2: Coverage rate: The ratio of all effective cov-
erage area to the area needs the node deployment.

In a sensor network, the number of sensor nodes is S,
and all the sensor nodes have the same sensing radius. The
detection probability of a target in the sensor network is as
follows.

pR = 1 −

S∏
j=1

(1 − pRj ) (18)

where pRj is the detection probability of the j-th sensor.

B. SIMULATION SETTING
Assuming the sensor network has such characteristics as:

① the sensor network consists of static sensor nodes and
movable sensor nodes. The position of all nodes can be
obtained, and the movable node can accurately move to the
optimized position.

② the coverage model of nodes in sensor network is the
probabilistic coverage model shown in Eq. (16).

Because the clustering can reduce network energy con-
sumption and improve network fault tolerance and scalability.
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TABLE 3. Optimization results with 30 trials.

Thus, the implementation steps of sensor networks coverage
optimization in this paper are as follows.

Step 1: Establish the sensor coverage model. The coverage
model of sensor nodes is established according to Eq. (16).

Step 2: Clustering. K-means algorithm is used to cluster
static sensors, and all sensor nodes are divided into 4 clusters.
4 movable sensors are arranged at the center of each cluster
as the cluster head, and one movable sensor is arranged at the
center of the monitoring area as the network center.

Step 3: Optimize the location of movable sensors. The PSO
algorithm is used to optimize the location of the remaining
movable sensor nodes.

Assuming 20 static sensors and 18 movable sensors are
randomly distributed within the monitoring area [4km ×

4km]. The sensing radius of all sensor is rs =1.2km, the
uncertainty parameter δ is 0.6, and λ1 =1, λ2 =0.6, β1 =3,

β2 =2. The parameter settings of ECE-PSO and SED-PSO
algorithms are shown in Table 2. The fitness function is the
inverse of the sensor network coverage rate.

The sensor network coverage rate is calculated as follows.
Divide the monitoring by the granularity g = 40m, which

leads the monitoring area is divided into [100 × 100] rasters.
Calculate the number of the effective coverage rasters whose
center detection probability is greater than pth = 0.6. Then
the coverage rate is the ratio of the number of the effective
coverage rasters to the number of monitoring area rasters.

C. SIMULATION RESULTS ANALYSIS
Fig. 5 and Fig. 6 show the positions of all sensors and the
coverage area using SED-PSO algorithm, individually. Fig. 7
shows the fitness value along with iteration. It can be seen
SED-PSO algorithm has a better performance than ECE-PSO
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TABLE 4. Optimization results with 30 trials.

FIGURE 5. The positions of sensors using SED-PSO algorithm.

FIGURE 6. The coverage area using SED-PSO algorithm.

algorithm, which is specifically reflected in the following two
points: (1) the solution has a smaller fitness value, and (2)
the number of falling into the local extremum is minimum,

FIGURE 7. The fitness value along with iteration.

FIGURE 8. Average coverage ratio along with iteration.

i.e., the number of times that the fitness value stagnating is
smaller.

To further analyze the stability and effectiveness of SED-
PSO algorithm, we use 30 Monte-Carlo test to verify the
solutions of SED-PSO algorithm and ECE-PSO algorithm.
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FIGURE 9. The final solutions of 30 Mote-Carlo tests.

Fig. 8 shows the curve of the average coverage ratio of
30 tests along with iterations. It is obvious the solutions of
SED-PSO algorithm are better than ECE-PSO algorithm in
each iteration. Fig. 9 shows the final solutions of 30 Mote-
Carlo tests. it is obvious the SED-PSO algorithm achieves a
better solution than ECE-PSO algorithms in every test.

The stability of ECE-PSO algorithm and SED-PSO
algorithm in 30 tests can be reflected by the variance of the
final solutions. The variance of ECE-PSO is 4.55e-05 and
SED-PSO is 5.57e-06. It can be seen that the variance of
SED-PSO algorithm is smaller, so the stability of SED-PSO
is better than ECE-PSO algorithm.

VI. CONCLUSION
On the basis of SED algorithm, this paper tries to combine
other EC algorithms effectively. Taking PSO algorithm as
an example, SED-PSO algorithm is proposed. The simula-
tion results on 27 benchmark functions published by CEC
indicate SED-PSO algorithm has a high convergence accu-
racy, strong stability and fast convergence speed, and can
be applied to solve the large and complex optimization
problems. These simulation results fully demonstrate SED
algorithm can provide a basic integrating platform for various
EC algorithms, and can take into account the advantages
of each EC algorithm, and has a wider application. The
results of sensor network coverage optimization also indicate
SED-PSO algorithm has a higher quality of solution, the
minimum number of falling into the local extremum, and has
a stronger stability and effectiveness.
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