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Abstract 

An improved wireless sensor networks effective coverage method based on differential 

evolution algorithm is proposed in this paper, which using quadratic interpolation 

method to improve the algorithm performance to further optimize the effective coverage 

of wireless sensor network nodes. Simulation results show that, compared to DE 

algorithm, the new algorithm can improve local search capabilities, reduce the 

computational cost of the algorithm, accelerate standards DE convergence, improve the 

accuracy of solution, and has some reference value for optimization application of 

wireless sensor network. 
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1. Introduction 

With the progress of MEMS, sensor technology and communications technology, 

wireless sensor network has become more and more closely linked with the modern 

industrial production and daily life. Wireless sensor network coverage is an important 

indicator to measure the normal operating range of the wireless sensor network in the 

monitoring area. Coverage can be divided into deterministic and random coverage in 

accordance with deployment [1]. Deterministic coverage refers to the WSN fixed or are 

completely known, the node configuration in advance. In this case, coverage issue 

transformed into a special geometry problem or path-planning problem. Random cover is 

for a lot of the actual environment, in most applications, we find it difficult to know the 

specifics of the actual monitoring environment, which requires sensor nodes can complete 

the coverage task of the monitored area without knowing the specific location of sensor 

nodes. According to the node, type coverage can be divided into two types of static 

coverage and dynamic coverage [2]. The static coverage means that nodes will not change 

its position in the network after being deployed, which can be divided into point or 

regional coverage, barrier coverage. Compared with static coverage, dynamic coverage 

refers to the enhanced node is capable to move in the network based on a certain 

optimization strategy, in order to change its coverage position. Dynamic coverage has a 

distinct advantage in energy efficiency, communication quality and channel capacity, data 

transmission accuracy, moving target tracking accuracy, network coverage and 

connectivity, and network survival cycle, thus it received increasing attention [3]. 

This paper presents an improved wireless sensor networks effective coverage method 

based on differential evolution algorithm, which proposed using quadratic interpolation 

method to improve the algorithm performance to further optimize the effective coverage 

of wireless sensor network nodes [4]. This method reduces the computational cost of the 

algorithm without increasing the other hardware devices, and improves the efficiency of 
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the node deployment. Simulation results show that the proposed algorithm has better 

effect on node deployment. 

 

2. Problem Description 

Assume that monitoring regional A is the two-dimensional plane, which is 

divided into m×n grid point [5], collection of sensor nodes on the monitored area is 

expressed by formula (1). 

 

S={s1,s2,⋯sn}                                        (1) 

 

Where, Si={s1,s2, sn} is the coverage model of node i, (x i,yi) is the coordinate of 

the node i, 
( )k

s ir s
 is a perception radius of node S i, 

( )k

c ir s
 is a communication 

radius of node Si, and 
( ) 2 ( )k k

c i s ir s r s
, which ensure that nodes are deployed to form 

a connected network. GPS or some localization algorithms can accurately obtain all 

sensing nodes location. 

For any grid point Pj, the Euclidean distance between sensor nodes 
k

is  and grid 

points Pj is: 

 

2 2( ,p ) ( ) ( ) 2i j i j i jd s x x y y    （）
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Using binary function model of nodes, that is, when the d (
k

is , Pj) is less than the 

node 
k

is  perception radius, then Pj grid points has been covered by node 
k

is , that is, 
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When the distance between the grid points (x, y) to the sensor nodes i is not greater 

than the sensing range r, that is considered the point (x, y) is covered by sensor nodes i 

and the complement of Ii is iI , using equation (4) to represent: 

cov{ } 1 { } 1 ( , , )   i i ip I p I p x y c
                                 (4)

 

Expressing the event that point (x, y) is not covered by the i sensor nodes, if Ii and Ij is 

irrelevant, there is formulas (5) available: 

{ } 1 { } 1 { } { }    i j i j i jp I UI p I U I p I p I
                           (5)

 

As long as the point (x, y) is covered by one node in the node set C, that the grid point 

(x, y) is considered covered by the node set C, so the probability of grid point (x, y) 

covered by a node set is the union of Ii, assuming all random events Ii are independent of 

each other, then the coverage probability of the node set C can be calculated by the 

formula (6). 

cov cov

11 1

( , , ) { } 1 { } 1 (1 ( , , ))
 

     
N N N

i i i

ii i

p x y c p I p I p x y c

     (6)

 

The formula (6) show that if the point (x, y) is not covered by all sensor nodes, then the 

point (x, y) is not covered point; otherwise, that consider the points (x, y) is covered by a 

node set. 

Coverage rate of the network is defined as the ratio of the covered area by the 

node to the whole monitoring area, namely 
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And Formula (7) is used as the fitness function. 

Wherein, Cb(pj) represents obtained coverage performance of all the sensor nodes 

in a grid point according to the formula(3).  

The formula (7) shows that, the greater the value of the fitness function, the 

greater the coverage rate, the better the effect of the network coverage. By 

calculating the optimal solution of maximize fitness function, the optimized position 

estimation of the node can be obtained, and the coverage rate of the network can be 

improved. 

 

3. WSN Nodes Distribution Optimization Algorithm based on 

Differential Evolution 
 

3.1. Differential Evolution Algorithm 

As a random, social and based on population of evolution algorithm, the concept 

of difference evolution algorithm initially proposed by Rainer Storn and Kenneth 

Price Yu in 1995 [6-7]. The algorithm is a bionic and intelligent method calculation 

algorithm which simulating natural evolution law of "Survival of the fittest". 

Difference evolution algorithm is a evolution algorithm, which has characteristics of 

strong global search capability, good robustness, simple general, convergence speed 

fast, and less control parameters. Differential evolution algorithm is an efficient 

global optimal solution search algorithm proved by the practice, which is widely 

used to solve complex global optimization problem, and has become an important 

tool in the field of computing science, information science and applied science, and 

gradually became one of the most important intelligent algorithms [8-9]. 

Differential evolution algorithm is inspired by the genetic mechanism of population 

evolution in nature, which is mainly composed of three basic elements: individual fitness 

evaluation, differential operation and parameter setting. (1) individual fitness evaluation. 

Differential evolution algorithms does not require additional external information in the 

process of evolution, and differential operation is realized and oriented mainly by the 

fitness function, according to the evaluation value of fitness function to evaluate pros and 

cons of the individual or solution. In general, the fitness evaluation function is defined 

according to the specific problem, which is used as the basis of differential evolution 

operation. (2) differential operation. The basic differential evolution algorithm and the 

genetic algorithm is similar, using three differential operations, respectively for the 

mutation operator, crossover operator, selection operator, only two evolutionary algorithm 

operators in a different order, differential evolution algorithm sequence of operations is 

mutation, crossover and selection [10-12]. DE algorithms process is shown in the 

following Figure 1. 
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Figure 1. The Flow Chart of DE Algorithm 

Let D-dimensional continuous space vector X=(X1,X2,...,XD)∈S( DRS  ) is the 

decision vector of optimization problem f(x), and the optimization goal is to find the 

optimal x† to make the objective function(or fitness function) f(x) maximum, that is, 

SX  , there is f (x†)≥f (x). Procedure of DE algorithm is described as follows.  

(1) The initial population. First determine the initial population of NP individuals. 

In the population, individual vector in the population is called the objective vector; 

the current generation of i-th objective vector is expressed as: 

 

, 1 ,G 2 , ,(X , , , )i G i i G Di GX X X 
                     (8) 

 

Where G=0,1,...,Gmax, G=0 is the initialization populations vector, Gmax is 

maximum number of generations. In the initialization process, we often want the 

objective vector be distributed as uniformly as possible in the solution space. 

Therefore, the i-th initialization objective vector can be written as: 

 

, ,min , ,max ,min(0,1) ( )j i j j i j jX X rand X X   
                 (9) 

 

Among them, the j is the j-th parameter of the i-th objective vector.   

Xmin={X1,min,X2,min,...XD,min} and Xmax={X1,max,X2,max, ... XD,max} represent the 

boundary of objective vector. 

(2) Mutation operator. After mutation operation, the DE algorithm generates the 

variation vector V iG. In this paper, the "DE/rand/1" strategy is used to generate the 

variation vector X iG of each objective vector V iG.  

 

, 1, 2, 3,G( )i G r G r G rV X F X X   
                       (10) 
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Among them, the r1, r2, r3 are randomly selected positive integer from [1, NP], 

and r1 ≠ r2 ≠ r3, which will randomly generate for each variation vector. Scale 

factor F is a positive real constant, it controls the difference vector scaling, F ∈ 

[0,2].  

(3) Crossover operator. The crossover operation is to generate a new test vector 

UiG= (U1i,G, U1i,G, ..., UDi,G) by mixing each dimension parameter of mutation 

vector V iG and objective vector XiG according to certain rules. In the DE 

algorithm, binomial cross  is often used, the mathematical expression is:  

 

,

,

,

, (0,1)
, 1,2, ,

, otherwise

ji G j

ji G

ji G

V if rand CR or j k
U j D

X

 
  
  (11) 

 

Where, CR∈[0,1] is a real crossover probability constant value provided by the 

user, same with difference zoom factor F, which is a DE algorithm of control 

parameter; k∈[1, D] and randomly selected to ensure that at least one dimension of 

the test vector U iG is contributed by variation vector V iG. 

(4) Selection operator. After crossover and mutation, test vector  UiG are 

competing with the target vector X iG to select the individual as the offspring of the 

individual with better fitness value. Assuming the objective function is minimized, 

mathematical representation of its selection procedures are as follows:  

 

, , ,

, 1

,

, ( ) (X )

,

i G i G i G

i G

i G

U if f U f
X

X otherwise


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              (12) 

 

Where f (·) represents the fitness function. 

DE algorithm is mainly involved in population size NP, differential scale factor 

F and crossover probability CR three control parameters. Selecting the appropriate 

control parameters is critical to the performance of the algorithm. So far the 

research show that population size NP∈[4D, 10D] is more appropriate, scale factor 

and crossover probability in the range F∈[0.4,1] and CR∈[0.5,0.95] are more 

effective. 

 

3.2. DE Algorithm Improvements 

DE algorithm is a simple and strong searching evolutionary algorithm. To 

standard test functions and practical engineering problems, DE algorithm with fast 

convergence speed and high quality solution is better than the other evolutionary 

algorithms. Although compared to other evolutionary algorithms, DE has a 

relatively good performance of the algorithm, but for complex engineering 

optimization problems, DE algorithm show the solution quality is not high or slow 

convergence problem. The reason for this result is the DE algorithm cannot 

effectively use objective function information that has been obtained. 

For WSN distribution optimization problem, this paper proposes a hybrid 

differential evolution algorithm based on quadratic interpolation. The algorithm is 

embedded simplifying quadratic interpolation (SQI) method to improve the overall 

performance of original DE algorithm in the framework of the DE algorithm. This 

method is designed to improve the local search capabilities, and reduce the 

computational cost. 

Simplifying quadratic interpolation method is a simple and effective search 

method, it is not need derivative information of target function, computing simple 

and suitable as a heuristic search operator. In this paper, as a local search operator 

it is embedded in the DE algorithm to accelerate standard DE convergence and 

improve the accuracy of the solution. SQI mathematical expressions is as follows:  
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Where 1 2( , , )T

j j j jDx x x x  , j=1,2,3, .... D is the D-dimensional test 

point;
1 2( , , , )T

Dp p p p     is new test point calculated by formula (13); f (·) is the 

objective function to solve problem. Pseudo code of SQI local search operators is 

shown in the following table 1. Setting LocalK less than or equal to MaxN is to 

avoid the program in an endless loop, MaxN represents the maximum number of 

SQI calculation. From the experimental results, when the population size of the 

evolutionary algorithms (NP) is less than 30, it is recommended to take MaxN 1; 

Otherwise, MaxN take 3. 

Table 1. Pseudo Code of SQI Local Search Operators 

 

Step1 find the best, worst point and their fitness values in the NP points: b, w, 

fb, fw(The best, worst, best and worst fitness). Set LocalK=1. 

Step2 DO 

  Step2.1 randomly selected from the NP points x2 and x3, and x2 ≠ x3 ≠ b, 

x1=b. 

  Step2.2 According to equation (13) to calculate the new test point 

1 2( , , , )T

Dp p p p    . 

  Step2.3 calculate the value of fP and sets LocalK=LocalK+1. 

  WHILE (fP<fW), or LocalK ≤ MaxN)  

Step3 if fP<fW, then replace the point w with point p. 

 

 

4. Hybrid Differential Evolution Improved Algorithm Steps Based on 

Quadratic Interpolation 

In summary, for the WSN network distribution optimization, the paper presents 

a hybrid differential evolution improved algorithm based on quadratic 

interpolation. The method implementation process is as follows:  

1th step Parameter settings: population size NP, scale factor f, crossover 

probability CR, maximum number of evolutionary Gmax.  

2nd step Initial population which population size is NP is randomly generated, 

and the fitness value of NP individual is obtained. 

3rd step Determine whether termination criterion is met, if satisfied, the 

algorithm terminates, go to the 6th step, otherwise turning to the 4th step.  

4th step According to the formula, DE mutation, crossover and selection 

operation are performed on the current population of individuals.  

5th step Perform local searching algorithms SQI.  

6th step Output obtained the best results. 

 

5. Simulation and Analysis 
 

5.1. Parameters Setting 

In this paper, the simulation experiment is carried out by using MATLAB 7 

environment, the number of individual population NP is 40, the maximum evolution 
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algebra is 150, the scaling factor F=0.5 and the crossover probability CR=0.9. The 

effective sensing radius of the sensor nodes is 12 m, and the optimization of the 

distribution of the 30 mobile sensor nodes in the monitoring area of 100 * 100 is 

simulated. The simulation results of two optimization algorithms are shown in Figure 2. 

 

 
(a) DE algorithm node distribution 

 
(b) improved DE algorithm node distribution 

Figure 2. DE and Improved DE Algorithm Node Optimization Distribution 

5.2. Simulation Analysis 

Under the different sensor node density and different iterations, to observe coverage 

rate of WSN nodes based on DE optimization algorithm and improved algorithm of this 

paper, we can see from the Figure 3 that, in the case of the same coverage rate, DE 

improved algorithm requires fewer nodes than the standard DE algorithm, when the 

coverage rate needs to reach 95%, the required nodes of DE improved algorithm is 10 less 

than the standard DE algorithm. Figure 4 show that under the same conditions, the DE 

improved algorithm tends to converge after 200 times of iteration, the standard DE 

algorithm tends to converge after 400 times of iteration, the DE improved distribution 
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optimization algorithm converges faster than standard DE algorithm, and the coverage 

rate also higher than original DE algorithm. 
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Figure 3. Coverage Rate Comparison of Different Number Of Nodes 
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Figure 4. Coverage Rate Comparison of Different Iteration Number 

6. Conclusion 

Network optimization is an important issue in wireless sensor networks, and it is the 

basis of further research on the wireless sensor network. WSN coverage optimization, 

which can more reasonable allocate network resources, and has a vital role on 

environmental awareness and information accessing. This paper presents an improved 

wireless sensor networks effective coverage method based on differential evolution 

algorithm, which using quadratic interpolation method to improve the algorithm 

performance to further optimize the effective coverage of wireless sensor network nodes. 

Simulation results show that, compared to DE algorithm, the new algorithm can improve 

local search capabilities, reduce the computational cost of the algorithm, accelerate 
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standards DE convergence, improve the accuracy of solution, and has some reference 

value for optimization application of wireless sensor network. 
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