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Abstract In a smart and decision making environment the location information of the

sensors and devices under monitoring and control, is very much important, otherwise the

sensed data becomes meaningless. This paper proposes three intelligent algorithms namely

differential evolution localization algorithm, firefly localization algorithm, and a hybrid

firefly differential evolution localization algorithm for wireless sensor networks localiza-

tion problem. The proposed algorithms are range based and distributed localization al-

gorithms. The algorithms are studied, analyzed and compared with respect to time

complexity, convergence and accuracy of the estimated location information.

Keywords Differential evolution � Firefly � Wireless sensor networks � Sensor node
localization � Landmarks � Sensor node

1 Introduction

Intelligent monitoring and control of home, cities, industry and environment requires an

event and location based measurement and management. The measurement is done by

smart and intelligent sensors. The development of technologies in processors, memory,
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wireless communication over short distance and multi hop, very large scale integrated

circuits had led to a cost effective, low powered, small sized, low data rate, self organizing

smart sensors [1]. These smart sensors known as sensor nodes can be grouped together in a

particular topological infrastructure arrangement to form a wireless sensor networks. The

sensor node can interact with the physical environment and then sense and or control the

physical parameters. The sensor nodes in a wireless sensor network can collaborate with

each other to achieve a particular task in an application by using wireless communication

[2].

Sensor nodes in wireless sensor networks have an architecture that can sense, compute,

store, communicate and control the physical parameters of the environment and are self

powered by on board batteries [3].

The wireless sensor networks follows 802.15.4 IEEE standard and can be used for

various applications like precision agriculture, health monitoring, animal habitat

monitoring, road traffic monitoring, forest fire detection, water quality monitoring, intru-

sion detection, inventory management, miners monitoring, and surveillance [4]. Most of

these applications demand the location information of the sensors or devices under

monitoring. The location information has to be estimated either by the sensor or by a

means of central processing in the network. The sensed data would be meaningless or not

in complete sense without the location information. Some data requires inherent location

information like in a geographical routing application [5]. The location information leads

to intelligent decision making for monitoring and controlling applications.

Some sensor nodes in wireless sensor networks may know its location and are called

anchors or landmarks. This is possible by using geographical positioning system (GPS) or

placing sensor nodes at known coordinate position. Other sensor nodes in the network may

not know its location and they are called as location unknown sensor nodes. GPS may not

be feasible for energy constraint and small sized wireless sensor network. Moreover all the

areas may not be covered by GPS and it may not be cost effective for a very large

deployment of sensors and further expansion of the network as the application demands

[6]. The estimation of Location information of unknown sensor nodes can be estimated

with the help of landmarks by inter sensor measurements such as distance, time difference

of arrival, angle of arrival, radio signal strength and connectivity [7]. These measurements

are used by localization algorithms to estimate the location information of unknown sensor

node.

The sensor node localization algorithm can be anchor based or anchor free, range based

or range free and depending on the algorithm processing the sensor node localization can

be centralized or distributed. The anchor based localization algorithm requires landmarks

for the location estimation where as the anchor free localization algorithms do not require

anchors for location estimation. The range based localization algorithm needs distance

measurement between anchor nodes or beacons and location unknown sensor nodes. The

distance measurement is done by using radio signal strength, time of arrival or time

difference of arrival. Whereas the range free needs only the existence of beacon signals in

the medium [8]. In the centralized localization algorithm the location information is

processed by a centralized processor in the sink node or base station, where as in a

distributed localization algorithm the individual sensor node can compute its own location

information with help of neighbouring sensor nodes and landmarks. Centralized local-

ization algorithms have better accuracy and easy to design compared to distributed lo-

calization algorithms. Centralized localization algorithms suffer scalability problem for

large sized sensor network. The distributed localization algorithm is computationally ef-

ficient and the communication of location information over multi hop to the centralized
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processor is not required. The energy requirement for communication is reduced and so the

lifetime, reliability and overall performance of the wireless sensor networks are improved

[9].

In this paper range based distributed localization algorithm is considered. The range

based method uses multi lateration technique that uses three landmarks and its radio signal

strength to calculate the distance between the landmark and location unknown sensor node.

The aim is to design an algorithm that has, less computation time, less complex, needs less

memory, easy to implement, flexible, uses less control parameters, has better accuracy and

is suitable for resource constraint wireless sensor networks, without compromising the

performance. This led to the motivation of developing computation intelligence algorithm

for sensor node localization. Computational intelligence (CI) combines the techniques of

learning, adaptability, and nature selection of evolution. Evolutionary computing makes

the algorithm intelligent and provides the capability of decision making [10]. The local-

ization of wireless sensor networks is considered as a minimization optimization problem,

where the localization error is optimized for better estimation of the location information

and increase the accuracy. An analytical optimization method requires more computation

and the complexity increases exponentially as the network infrastructure expands. This

motivated to consider bio inspired and nature inspired algorithms for resource constraint

wireless sensor networks [11]. The nature adapt itself to resolve complex relationship and

find the optimal solution for balancing ecosystem and maintain the diversity. The principle

strategy used is simple which yields better results. Bio inspired optimization uses heuristic

approach, that imitate nature and many processes in the nature can be considered as an

optimization problem. Biologically inspired algorithm is based on certain phenomenon of

the nature that can optimize itself for their needs and survival. Biological inspired algo-

rithms are considered powerful and are analyzed for solving complex numerical opti-

mization problems [12].

This paper analyses and compares three nature and bio inspired intelligent algorithms

namely differential evolution localization algorithm, firefly localization algorithm, and

hybrid firefly differential evolution localization algorithm in terms of time complexity,

convergence and accuracy of the estimated location information.

2 Sensor Node Localization Problem Formulation

Localization scenarios of total 50 sensor nodes in a space size of 100 are considered. In this

10 sensor nodes with known location information are considered as anchor nodes or

landmarks. Remaining 40 sensor nodes are considered as location unknown sensor nodes.

The aim is to estimate the localization or location information of these 40 location un-

known sensor nodes with the location knowledge of landmarks. Localization is estimated

in two steps, ranging and position estimation. In ranging the distance between landmarks

and location unknown sensor nodes are calculated using trilateration method. The position

is estimated by the three nature based intelligent algorithms individually and the results of

these are compared for their accuracy, convergence and computation time. Three location

known landmarks which are nearer to the selected location unknown sensor node are

chosen. With the help of these landmarks and its location information, the distance be-

tween the landmarks and chosen location unknown sensor node is calculated. And from

this calculated distance and landmarks location information the location of unknown

sensor node is estimated using the different algorithms.
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First the three landmarks positions are taken. The distance between the three landmarks

and location unknown sensor nodes are calculated by using the Eq. 1

dist ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

xest � xancð Þ2þ yest � yancð Þ2
� �

r

ð1Þ

The localization function is calculated by using the Eq. 2

f Xu;Yuð Þ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

Xest � Xancð Þ2þ Yest � Yancð Þ2
q

� dist

� �2

ð2Þ

Xest; Yest is the estimated X and Y position of location unknown sensor node respec-

tively.Xanc; Yanc is the X and Y position of anchor or landmark respectively.dist is the

distance between anchor and location unknown sensor node.

3 Differential Evolution Localization Algorithm

Differential evolution is a stochastic search optimization algorithm that can be easily

applied for experiment minimization. Differential evolution is parallel operable, flexible in

implementation with less control parameters, and also has consistent convergence prop-

erties [13].

The basic operations involved in differential evolution localization algorithm are con-

verting sensor node localization problem into differential evolution optimization problem,

mutation, recombination or cross over and selection [14]. The following procedure is used

in the differential evolution localization algorithm.

Localization estimation variables are selected and vector population of 20 is taken.

Initialize these vector populations within a solution space. Minimization of localization

error is taken as fitness function for differential evolution localization algorithm repre-

sented by Eq. 2.

Differential evolution localization algorithm evaluates fitness value for each vector in

the population. Next is the Mutation process.

In differential evolution, mutation is given more importance than cross over process.

The purpose of mutation is to create diversity for the solution and also mutation provides

required parameter variation to get better results in time. Depending on the fitness value,

target vector is selected and then mutated as per the following mutated vector Eq. 3

Mmutated
t ¼ Mbest þ S � TV � RVð Þ ð3Þ

S—scaling factor = 0.7; Mbest—best optimal solution in the population; Mt—mutated

vector; Tv—target vector position; Rv—randomly selected vector position.

The next step is the cross over process that generates trail vector from target vector and

mutated vector. Based on cross over constant CC = 0.6, recombination process recom-

bines either mutated or target vector variables as per the following trail vector Eq. 4.

Ctrail ¼ Mmutated if ðrandÞ�CC

Tt arg et if ðrandÞ[CC

� �

ð4Þ

The value of scaling factor (S) and cross over constant (CC) is selected based on the

Ref. [13]. And further the values are tuned according to the accuracy performance of the

algorithm.
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Next is selection process which does one to one selection. This selection process de-

cides whether target or trail vector is taken for the next iteration. Initially objective

function is calculated for the number of population vectors. The vector which has mini-

mum value is the first target vector. In the selection process objective function of target

vector and trail vector is calculated. This provides the fitness value of target vector and trail

vector. Target vector is replaced by trail vector, provided trail vector has minimum value

compared to the target vector. The selection process equation is given by the Eq. 5.

Snþ1
P ¼ Ttrail iff ðtrailÞ\f ðt arg etÞ

Tt arg et iff ðt arg etÞ� f ðtrailÞ:

� �

ð5Þ

Selection process is repeated for every vector in the population to maintain population

size. A maximum of 100 iterations are considered as stopping criterion for differential

evolution localization algorithm. The above procedure is summarized as the following

differential evolution localization algorithm steps.

Step 1: Localization estimation variables are selected as members of a vector population.

Step 2: Initialize vector population within solution space.

Step 3: Minimization of localization error is taken as fitness function of differential

evolution localization algorithm.

Step 4: Using Mutation process target vector is selected and mutated to get mutated

vector.

Step 5: Crossover is done on mutated vector to get trail vector.

Step 6: Selection process decides target vector or trail vector for the next iteration.

Step 7: Next iteration population is generated using selection process.

Step 8: Continue to execute step 4, step 5, step 6 and step 7 until maximum iteration is

satisfied.

Step 9: Estimate the optimal location information of the sensor node.

Differential evolution localization algorithm output is shown in the Fig. 1.
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Fig. 1 Output of the differential
evolution localization algorithm
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Differential evolution localization algorithm convergence curve is shown in the Fig. 2.

Table 1 provides the details about the parameters considered in the design of differ-

ential evolution localization algorithm.

4 Firefly Localization Algorithm

This algorithm is based on firefly algorithm developed by Dr. Xin-She Yang in 2007 which

uses flash light nature of fireflies [15].

Fireflies flash lights, to search for food by means of attracting their prey, to find their

mates, and safeguard themselves from their predators for survival. Firefly algorithm de-

pends on the intensity of light emitted by fireflies. Flashing light of firefly can be easily

formulated as objective or fitness function of the sensor node localization problem. The

firefly algorithm is simple in concept and easy to implement [16].

Firefly localization algorithm is based on the following ideal social behavior rules of

fireflies.
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Convergence CurveFig. 2 Convergence curve of the
differential evolution localization
algorithm

Table 1 Design parameters of
differential evolution localization
algorithm

Parameters Values

Maximum iteration 100

Space size 99

Landmarks 10

Unknown nodes 40

Total nodes 50

Number of vector population 20

Scaling factor, S 0.7

Cross over constant, CC 0.6
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1. All fireflies are unisex. One firefly move towards another brighter firefly regardless of

sex.

2. Attractiveness is proportional to brightness and inversely proportional to distance. If

no brighter firefly is found, firefly movement is random in nature.

3. The brightness or light intensity of the firefly is found from the sensor node

localization objective function given by the Eq. 2.

Based on the above rules the firefly localization algorithm is designed [17]. The basic

operations are, converting firefly algorithm into sensor node localization optimization

problem, attractiveness calculation, distance calculation and position movement of the

firefly. The design process of firefly localization algorithm is as follows.

Localization estimation variables are selected as fireflies and population size of 20 is

taken. Initialize this vector population within the solution space. Minimization of local-

ization error is taken as fitness function for firefly localization algorithm represented by

Eq. 2. This objective function is used to find the brightness each firefly. Firefly localization

algorithm evaluates fitness value for each vector in the population.

Next is the calculation of attractiveness process. Attractiveness is the ith firefly move

towards more attractive brighter jth firefly. This attractiveness function is given by the

Eq. 6

A dð Þ ¼ A0 � exp �dmð Þ With m � 1 ð6Þ

d—Distance between two fireflies; A0—Initial attractiveness at d = 0; c—Absorption

coefficient that controls the light intensity.

The attractiveness decreases with the increase in distance because of the absorption

factor in the nature. Next is the distance calculation process between the ith firefly and the

jth firefly. The distance of attraction of brightest firefly from the current firefly is calculated

by the Eq. 7

dij ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

ai � aj
	 
2þ bi � bj

	 
2
� �

r

ð7Þ

dij is the distance between ith firefly and jth firefly in a two dimensional solution space.

Next is the movement process. The movement of ith firefly towards brighter jth firefly is

based on attractiveness and distance between them and is given by the Eq. 8

mkþ1
i ¼ mk

i þ Ao � exp �d2
	 


� akj � aki

� �

þ / � randki ð8Þ

mk
i—Initial position of ith firefly; Ao � exp �d2ð Þ � akj � aki

� �

—Attractiveness towards jth

firefly by ith firefly; / � randki —random movement of ith firefly.

If the firefly does not find any brighter firefly, it will move randomly. The above

processes repeat up to the stopping criterion is achieved, that is when 100 iterations are

over or convergence is achieved. The brightest firefly position is the estimated location of

the sensor node.

The above procedure is summarized as the following firefly localization algorithm steps.

Step 1: Firefly is a set of control variables of sensor node localization function

Step 2: Initialize fireflies’ population size of 20 in the solution space

Step 3: Objective function of sensor node localization is calculated to find the brightness

of the fireflies using Eq. 2

Step 4: Attractiveness of firefly towards other fireflies is calculated using Eq. 6
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Step 5: Distance between the fireflies calculated using Eq. 7

Step 6: Firefly i move towards brighter j firefly using Eq. 8

Step 7: Rank the fireflies and find the current global best

Step 8: Continue to execute the steps 4, 5, 6 and 7 till the stopping criterion is satisfied

Step 9: Estimate the optimal location information of the sensor node.

The output of the firefly localization algorithm is shown in the Fig. 3.

The convergence curve of the firefly localization algorithm is shown in the Fig. 4.

Table 2 provides the details about the parameters considered in the design of firefly

localization algorithm.
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Fig. 3 Output of the firefly
localization algorithm
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5 Hybrid Firefly Differential Evolution Localization Algorithm

Firefly localization algorithm does not have mutation process. The performance of the

firefly localization algorithm (FLA) can be improved by adding mutation process used in

differential evolution localization algorithm (DELA). Differential evolution localization

algorithm has better mutation process, so firefly is hybrid with differential evolution.

Hybrid firefly differential evolution localization algorithm (HFDLA) is derived by using

the firefly flashing light intensity, attractiveness and movement taken from FLA, and the

mutation process taken from DELA. The differential evolution mutates the firefly with the

randomly selected fireflies in the same population. The mutation process of DELA guides

the FLA to move towards the global optimum.

FLA optimization is formulated by the localization function as given by the Eq. 2.

Brightest firefly is the most optimal estimated location information of the sensor node.

These brightest fireflies are mutated to get better estimated location information of the

sensor nodes. The ability of differential evolution to optimize non differential, non linear

and non continuous real life problem is used in this hybrid algorithm for mutating firefly.

HFDLA evaluates the light intensity or brightness for each firefly in the population. The

localization function value is calculated to find the brightness of the firefly. HFDLA

algorithm makes the firefly to move towards the brighter firefly in the population. The

distance moved and brightness of each firefly is calculated and then the best firefly position,

which is the optimal location information of the sensor node, is estimated.

The design steps for hybrid firefly differential evolution localization algorithm are as

follows.

Step 1: Firefly is a set of control variables of sensor node localization function

Step 2: Initialize fireflies’ population size of 20 within the solution space

Step 3: The localization objective function is calculated to find the brightness of the

fireflies using the Eq. 2

Step 4: Attractiveness of firefly towards other fireflies is calculated using the Eq. 6

Step 5: Distance between the fireflies calculated using the Eq. 7

Step 6: Firefly i move towards brighter j firefly using the Eq. 8

Step 7: Hybrid firefly differential evolution localization algorithm uses differential

evolution algorithms mutation process using the Eq. 3. The objective of mutation is to

enable search diversity in the parameter space and provide suitable parameter variation

to achieve better optimal estimate of location information of the sensor nodes

Step 8: Rank the fireflies and find the current global best

Table 2 Design parameters of
firefly localization algorithm

Parameters Values

Maximum iteration 100

Space size 99

Landmarks 10

Unknown node 40

Total node 50

Number of fireflies 20

Randomizing coefficient, a 0.2

Initial attractiveness at d = 0, Ao 1.0

Absorption coefficient, c 0.96
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Step 9: Continue to execute the steps 4, 5, 6, 7 and 8 till the stopping criterion of 100

iterations is satisfied

Step 10: Estimate the optimal sensor node location information

The output of the hybrid firefly differential evolution localization algorithm is shown in

the Fig. 5.

The convergence curve of the hybrid firefly differential evolution localization algorithm

is shown in the Fig. 6.

Table 3 provides the details about the parameters considered in the design of hybrid

firefly differential evolution localization algorithm.
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Fig. 5 Output of the hybrid firefly differential evolution localization algorithm
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6 Result and Analysis

The location information of the sensor nodes is estimated using three nature inspired

localization algorithms namely differential evolution localization algorithm (DELA),

firefly localization algorithm (FLA), and hybrid firefly differential evolution localization

algorithm (HFDLA). The Table 4 gives the comparative analysis for the localization

problem scenario as discussed in Sect. 2.

From the Table 4 it can be concluded that the accuracy of hybrid firefly differential

evolution localization algorithm is better, has better convergence compared to differential

evolution localization algorithm and firefly localization algorithm. But the computation

time of hybrid firefly differential evolution localization algorithm is higher compared to

other two algorithms.

7 Conclusion

In this paper three nature inspired intelligent algorithms namely differential evolution

localization algorithm, firefly localization algorithm, and hybrid firefly differential evo-

lution localization algorithm are proposed, analyzed, implemented and compared. The

algorithms uses range based distributed localization algorithm. Therefore the communi-

cation of location information over several sensor nodes to the sink node is avoided in a

multi hop environment. This increases the lifetime, reliability and performance of the

wireless sensor networks. Out of the three algorithms hybrid firefly differential evolution

Table 3 Design parameters of
hybrid firefly differential evolu-
tion localization algorithm

Parameters Values

Maximum iteration 100

Space size 99

Landmarks 10

Unknown node 40

Total node 50

Number of fireflies 20

Randomizing coefficient, a 0.2

Initial attractiveness at d = 0, Ao 1.0

Absorption coefficient, c 0.96

Scaling factor, S 0.7

Cross over constant, CC 0.6

Table 4 The output analysis of the three algorithms FLA, DELA, HFDLA

S. no. Localization algorithm Computation time (s) Accuracy (%) Convergence (iteration)

1 DELA 0.457125 78 Twelfth

2 FLA 0.765107 94 Tenth

3 HFDLA 1.051185 98 Third
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localization algorithm has better accuracy and convergence compared to differential

evolution localization algorithm and firefly localization algorithm, but takes more com-

putation time comparatively. The output performance of the algorithms can be improved

for better accuracy, convergence and computation time by varying the design parameters.

Different hybrid mechanisms for algorithms can be analyzed for better optimal solution for

localization in wireless sensor networks.
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