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Abstract: In order to serve for the ecological monitoring efficiency of Poyang Lake, an improved hybrid
algorithm, mixed with differential evolution and particle swarm optimization, is proposed and applied to
optimize the coverage problem of wireless sensor network. And then, the affect of the population size and the
number of iterations on the coverage performance are both discussed and analyzed. The four kinds of
statistical results about the coverage rate are obtained through lots of simulation experiments.
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1. Introduction
The problem of wireless network coverage
optimization, which reflects the quality and
effectiveness of network monitoring, is a core and
challengingly important component of ecology sensor
network research and application [1]. Then a series of
sensor networks for ecological optimization
algorithms and techniques research are particularly in
need. Because of the importance of the wireless
sensor network coverage problem, the coverage
optimization has become a hot research direction. In
recent years, the research work of wireless sensor
network coverage control has made some progress.
Many coverage control algorithms were proposed for
different applications [2, 3].
Intelligence optimization algorithm has become
an emerging technology [4], which has many
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advantages, such as, the decentralized control, multiagent system, simplicity, implicit parallelism, and
easiness for understanding and realizing. These
advantages can effectively promote the application of
intelligence optimization algorithm. And this
intelligence algorithm can play an important role in
optimizing the production process, improving
production efficiency and effectiveness, and saving
resources. Taking the complexity, constraints,
nonlinear, multi-local minima and modeling
difficulties of the practical engineering problems into
account, looking for the suitable intelligence
algorithm for the engineering practice is an important
research direction. Intelligence algorithm is suitable
for solving the complex, non-linear and multidimensional optimization problem; therefore, the
intelligence algorithms have good application
prospects in wireless sensor network coverage
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optimization problems. Singh et al. applied the
approaches which mixed the genetic algorithm with
the integer linear programming formulation to solve
the Q-coverage problem versions in wireless sensor
networks [5]. Sun et al. proposed a hybrid particle
swarm optimization, which use the multi-swarm
mechanism, to solve wireless sensor network
coverage problem [6]. Wang et al. introduced a new
copula-based estimation of distribution algorithms to
solve the coverage problem [7]. A novel algorithm
based on immune-swarm intelligence, which derived
from the principle of particle swarm optimization and
artificial immune system, is presented to solve the
deterministic coverage problems [8]. Focusing on the
differentiated or probabilistic coverage, the
evolutionary multi-objective optimization algorithm
MOEA/DFD is applied to schedule the nodes of a
wireless sensor network [9]. Huang et al. proposed a
coverage strategy based on fish swarm algorithm to
improve the coverage rate and to reduce the
redundancy and cost [10].
Differential Evolution (DE) is an evolutionary
algorithm based on population differences [11], and
DE was proposed by Storn and Price in 1996 to solve
the Chebychev Polynomial fitting Problem.
Differential evolution algorithm shows the superior
performance in the first IEEE Evolutionary
Computation competitions. Many improved variants
of DE were proposed, and then DE has been widely
used in various application fields. In searching some
database, there were few papers about using
difference evolution algorithm to solve the coverage
optimization problem. In summary, a hybrid
differential evolution algorithm combined with
particle swarm intelligence is proposed to solve the
coverage optimization of ecological sensor networks
in this paper. Poyang Lake Ecological Economic
Zone is the application target of the hybrid algorithm.
So, the realistic theoretical significance and
application value do exist.

2. Coverage Optimization Mathematical
Models
The sensor nodes set S

*

is the subset of the

*

set S . Area ( S ) represents the area covered by
the nodes set

S * . Area coverage rate is defined as:
=
P
acr

Area ( S * )
Area ( S )

,

( x, y ) covered by the node

si will be defined as:
1
p ( x, y, si ) = 
0

( x − xi ) 2 + ( y − yi ) 2 ≤ r

,

(2)

otherwise

Then the probability of the point ( x, y ) covered
by the any node can be defined as:
p ( x, y ) = p( x, y, s1 ) | p( x, y, s2 ) | ...
| p ( x, y , s N )

,

(3)
*

where, “ | ” is the OR operation, so the Area ( S ) is
calculated as:
Area( S * ) =



p ( x, y ) ,

M1 * M 2

(4)

and then the area coverage rate is redefined as:
*
Pacr = Area ( S )

=



M1 * M 2

Area ( S )

p ( x, y )

,

(5)

(M1 * M 2 )

3. Algorithms
3.1. Particle Swarm Optimization
In the standard PSO algorithm, each optimization
problem solution is regarded as a "particle" of the
search space. At first, the algorithm is initialized to a
group of random particles (random solutions), and
each particle has the properties of position and
velocity. The particle is updated by tracking two
extremes, i.e. the best previous position of the
particle itself and the best particle among all the
particles. The velocity and position of the particles
are updated according to the equations as follows.

vidt +1 = vidt + R1c1 ( Pid − xidt )
,
+ R2 c2 ( pgd − xidt )

(6)

xidt +1 = xidt + vidt +1 ,

(7)

(1)
where t is the number of the iteration; R1 and R2 are

However, in practice, it is very complex and
*

difficult to calculate the Area ( S ) [12]. To
simplify the calculation, the monitoring area is
rasterized into M1 × M 2 points. Supposing that the
coordinates of the rasterized points are ( x, y ) , the
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probability of the point

the uniformly distributed numbers between 0 and 1;
the parameter ω is called the inertia weight; c1 and

c2 are the acceleration constants. From the
perspective of sociology, the first part is the memory
item, which represents the influence of the past on
the present; the second part, which is associated with
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a local search, is called as a self-cognitive item, and it
represents that the behavior of the particle derives
from its own experience; the third part, which is
associated with a global search, is known as a socialcognitive item, and it reflects the collaboration and
the sharing knowledge between the particles. This
means that the movement of the particle is decided by
their own experience and the experience of the
best companions.

3.2. Differential Evolution
The basic idea of the differential evolution
algorithm is that the new temporary population
generated from the current population by the
mutation and crossover operation; then the two
populations adopt the selection operation one-on-one
to generate the next new population based on greedy
idea. An offspring is generated by the mutation
operation as follows:
x (t + 1) = x (t ) + η ( x
(t ) − x
(t )) ,
ij
p1 j
p2 j
p3 j
'

where t is the number of the iteration;

η

(8)

is the scale

factor; p1 ≠ p2 ≠ p3 . The mutation scheme shown
in Eq. (8) is also called as DE/rand/1. The extended
modes of the mutation rule have been subsequently
proposed in the literature [13]. Other versions of the
mutation rule are listed as follows: DE/rand/2,
DE/best/1, DE/best/2, DE/ current-to-rand/1,
DE/current-to-best/1.

where F1 and F2 are the scale factors; F1 and F2
are

equal

to

R1c1 and

R2c2 , respectively.

It is named as DE/current-to-the-own-best;
current-to-the-global-best/1. The main idea of the
Eq. (9) is to generate the offspring according to the
solution’s own experience and the best experience of
neighbors. The process of the hybrid DE algorithm
with particle swarm intelligence is as follows:
Step1: Initialize the individuals of the population,
and the solutions adopt the real coding method which
is widely used in evolutionary algorithms;
Step2: Compute the fitness f ( xi ) ;
Step3: Update the extreme

Pi ;

Step4: Update the global extreme
Step5: Generate the offspring

pg ;

xij '

according to

the Eq. (9)
Step6: Generate the crossover offspring xoff .
for(j=0;j<DIM;j++)/*DIM
represents
dimension of the solution*/
{
if rand(0,1) < crossover probability

the

xoff , j = xij '
else

xoff , j = xij
}
Step7: if

f ( xoff ) < f ( xi ) , Save the individual

xoff and replace the xi ;
Step8: if the algorithm doesn’t stop, go to Step2.

3.3. Hybrid Algorithm

4. Experiments and Analysis

By comparing and analyzing the individual
update formulas of differential evolution algorithm
and particle swarm optimization algorithm, it can be
seen that there are some similarities between the two
t
algorithms. And the formula ( Pid − xid
) and

Assuming the wireless sensor nodes are arranged
in the square area and the length of the side is 20. The
experiments were executed on the 3.0 GHz computer;
VC and Matlab were adopted as the simulation
environment for wireless sensor network coverage
optimization. In the hybrid algorithm, the crossover
probability was set to 0.8; ω linearly decreased from

( pgd − xidt ) can be seen as the differential vectors.
The coefficients

R1c1

and

R2c2

can be seen as the

scale factors. So, the particle swarm optimization can
be regarded as a kind of differential evolution
algorithm. In the DE algorithm, the differential vector
is the difference of two random individuals or the
random individual with the best individual. In the
PSO algorithm, the differential vector is the
difference of the current individual with the best
personal individual in history and the current
individual with the global best individual. Inspired by
the DE/ current-to-rand/1 and the kernel concept of
PSO, a novel mutation strategy is proposed.

xij ' (t + 1) = ω xij (t ) +η ( xmj (t ) − xnj (t ))
,
+ F1 ( Pid − xij (t )) + F2 ( pgd − xij (t ))

(9)

0.9 to 0.4;

c1 = c2 = 2 . To assess the performance

of the algorithm, a total of 10 statistically
independent runs of the algorithm have been
performed for each situation.

4.1. The Influence of Population Size
on the Coverage Performance
In this sub-section, the influence of population
size on the coverage performance was discussed. The
number of iteration is 200; the number of the wireless
sensor node is 20; the sensing radius is 3; the raster
size is 2×2. The population size is set to 10, 20, 30
and 40, respectively. In Table 1, the first column is
the population size; the second is the best coverage
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iteration number was set with five kinds of different
values; Fig. 5 is the line chart of the coverage rate
when the iteration number is increasing; Fig. 6 is the
wireless sensor nodes layout when the iteration
number was 200. When the iteration number is 200,
both the best coverage rate and the average rate are
the biggest; when the iteration number is 250, the
worst coverage rate is the biggest and the variance is
the smallest.
0.7
Best
Average
Worst

0.69

0.68

0.67

0.66
Coverage

rate of the 10 runs; the third is the average coverage
rate of the 10 runs; the fourth is the worst coverage
rate of the 10 runs; the last is the variance of the
10 runs. Fig. 1 is the coverage rate curves when the
population size was set four kinds of different values;
Fig. 2 is the line chart of the coverage rate when the
population size was changing; Fig. 3 is the layout
when the population size was 30. From the
experimental results shown in the Table 1 and
Figs. 1-3, it can be seen that the coverage rate is the
optimal when the population size is 30. In other
words, the population size is not of “the bigger the
better” style. The increase of the population size can
improve the coverage rate to a certain extent.
However, the computational speed greatly reduces,
therefore, in the algorithm the population size should
be selected appropriately.

0.65

0.64

Table 1. The statistical results about the influence
of the population size on coverage performance.

0.63

0.62

Best
Population
coverage
size
rate
10
6.50e-001
20
6.60e-001
30
6.80e-001
40
6.70e-001

Average
coverage
rate
6.29e-001
6.38e-001
6.51e-001
6.50e-001

Worst
coverage
rate
6.10e-001
6.10e-001
6.40e-001
6.30e-001

Variance

0.61

0.6

1.286684e-002
1.398412e-002
1.449138e-002
1.154701e-002
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Fig. 2. Three kinds of the line chart of the coverage rate
with the population size changing.
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Fig. 3. The node layout when the population size was 30.
Fig. 1. The coverage rate curves when the population size
was set different values.
Table 2. The statistical results about the influence
of the iteration number on coverage performance.

4.2. The Influence of Iteration Number
on the Coverage Performance
In this sub-section, the influence of iteration
number on the coverage performance was discussed.
The population size is 20; the number of the wireless
sensor node is 20; the sensing radius is 3; the raster
size is 2*2. The iteration number is set to 50, 100,
150, 200 and 250, respectively. Table 2 is the
statistical results about the influence of the iteration
number on coverage performance, and the meanings
of the five columns are the same with the data in
Table 1. Fig. 4 is the coverage rate curves when the
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Best
Iteration
coverage
no.
rate
50
6.40e-001
100
6.50e-001
150
6.50e-001
200
6.60e-001
250
6.50e-001

Average
coverage
rate
6.21e-001
6.27e-001
6.32e-001
6.38e-001
6.37e-001

Worst
coverage
rate
6.10e-001
6.10e-001
6.10e-001
6.10e-001
6.30e-001

Variance
1.100505e-002
1.159502e-002
1.316561e-002
1.398412e-002
8.232726e-003

It can be concluded that the greater the number of
iteration is, the more stable the performance of the
algorithm will be. However the increase of the
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iteration number didn’t contribute to the
improvement of the coverage rate. Additional
iteration number increases the algorithm time on the
contrary and the iteration number also needs to select
the suitable value.
0.64

0.63

0.62

Coverage

0.61

0.6

0.59

50
100
150
200
250

0.58

0.57

0.56

5. Conclusions
In order to improve the ecological monitoring
efficiency of Poyang Lake, by comparing the
differential evolution algorithm and particle swarm
optimization algorithm, the modified differential
evolution algorithm based on particle swarm
intelligence for solving ecological sensor network
coverage optimization problems is proposed. The
factors which affect the coverage rate were analyzed
from the two aspects. When the population size is 30,
the number of iterations is 200, the coverage rate is
the highest. The above analysis and discussion is
about the effect of the change of one factor
on the coverage rate, the further research will be
focused on the influence of the other factors on the
coverage performance.
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