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Abstract—Wireless sensor networks (WSNs) include
location-based services for variety of applications. Accurate
estimation of sensor locations strongly influences the performance
of a WSN and the effectiveness of its application. Localization
refers to the process of estimation of locations of sensors.Ad
hoc deployment, uncertain and harsh operating environments
and resource constraints on sensor nodes pose serious
challenges in the quick and accurate localization of nodes
in WSN. Bio-inspired algorithms exhibit intelligent behavior
in an uncertain and dynamic environment. In addition, they
are attractive alternatives to resource-intensive traditional
approaches. The true potential of many such algorithms
has been exploited for sensor localization in this study. The
algorithms from the paradigms of evolutionary computing and
swarm intelligence have been applied for localization of sensor
nodes with the help of special anchors nodes.

Index Terms—Evolutionary Computing, Localization, Swarm
Intelligence, Wireless Sensor Networks

I. I NTRODUCTION

Wireless sensor networks (WSNs) are networks of
distributed, autonomous and resource-constrained motes that
sense or monitor physical or environmental conditions
cooperatively [1]. Node localization, a formidable challenge
in WSNs, refers to the creation of location awareness in
all deployed sensor nodes. Accurate localization of sensor
nodes has a strong influence on the performance of WSNs.
Many localization algorithms estimate the locations of the
nodes usinga priori knowledge of the coordinates of special
nodes called beacons, landmarks or anchors. In the first
phase of such algorithms, nodes estimate their distances from
beacons using the signal propagation time or the strength of
the received signal. In the second phase, node locations are
estimated using the ranging information by solving a set of
simultaneous equations [2]. A small number of mobile beacons
can significantly reduce the cost of special hardware. But,
this introduces the challenge of determining optimal pathsfor
mobile beacons. Further, the task of localizing mobile sensor
nodes using stationary or mobile beacons is a serious challenge
that has many unresolved research issues.

Conventional methods used for beacon-assisted node
localization require enormous computational effort which
grows exponentially as the problem size increases. This

is the motivation for the development of methods that
require moderate memory and computational resources,
and yet deliver good results. Bio-inspired stochastic
optimization methods, such as artificial bee colony (ABC)
algorithm, particle swarm optimization (PSO) algorithm
and genetic algorithm (GA), have become popular as
computationally-efficient alternatives to analytical methods.
These adaptive, resource-efficient methods facilitate intelligent
behavior in complex, uncertain and dynamic environments
which prevail in WSNs [3]. The development and investigation
of bio-inspired algorithms for node localization in indoorand
outdoor terrestrial WSNs having static and mobile sensor
nodes is the central theme of this study. The primary
contributions of this work are:

1) Development of new bio-inspired algorithms and
modification of existing algorithms in different
paradigms of computational intelligence (CI).

2) Application of bio-inspired algorithms for node
localization in WSNs, with emphasis on WSNs with
static and mobile dumb nodes and mobile beacons;

3) Statistical performance analysis of the algorithms in
terms of their localization accuracy and computational
complexities;

4) Comparison of the performances of the developed
algorithms with those of existing algorithms;

5) Analysis of the accuracy of localization and the energy
consumption in sensor nodes;

6) Analysis of security issues in sensor localization.
The remainder of this paper has been organized as follows:
A brief description of conventional methods for localization
in WSNs has been presented in Section II. The process
of multiphase localization has been introduced in Section
III. Applications of bio-inspired localization algorithms has
been discussed in Section IV. Simulation results have been
presented Section V. Finally, concluding remarks and the
directions for the future extension of this research have been
presented in Section VI.

II. L OCALIZATION USING DETERMINISTIC ALGORITHMS

Different localization schemes are classified as range-based
or range-free, fine grained or coarse grained, centralized or



distributed, stationary or mobile sensor nodes, anchor-based or
anchor-free, etc. Localization of each dumb node involves the
communication between anchor and the dumb node to estimate
latter’s geographical position. The distance between the anchor
and the dumb node is estimated using the measurement of
received signal strength (RSS), time of arrival (TOA), time
difference of arrival (TDOA), angle of arrival (AOA) etc.
The typical deterministic approaches to localization include
trilateration, multilateration, triangulation and bounding box.
Trilateration, the deterministic approach used in this study,
estimates the location of a dumb node through distance
measurement from three non-collinear anchors. The point
of intersection of three circles is the position of the dumb
node. However, this approach results in inaccurate location
estimation due to the fact that the distance measurement is
affected by the environment noise. Deterministic approaches
are faster and they deliver guaranteed results; but, they are poor
in accuracy. This has inspired the authors to apply optimization
algorithms for minimizing an aptly defined localization error.

III. M ULTIPHASE LOCALIZATION

The localization problem considered in this study is
formulated as follows:N nodes, each having a communication
range of r units, are deployed in a2-dimensional field at
random unknown locations(ujx, ujy). Beacons or anchors
are deployed at locations expressed as(bx, by). Each dumb
nodeuj aims to estimate its location as accurately as possible
with the help of anchors or other localized nodes without
any central control. In the localization process, each unknown
nodeuj , j = 1, 2, . . . , U , estimates its distanceŝdi from three
non-collinear anchors termed asbi, i = 1, 2, 3, that fall within
its communication range. The distances is measured using (1).

di =
√

(bix − ujx)2 + (biy − ujy)2 + g (1)

The additive noiseg represents environmental uncertainties
associated with erroneous estimation. In the location
estimation phase, the distance measurement and the three
anchor locations are given as inputs to bio-inspired algorithms.
Each algorithm uses the fitness function expressed in (2).

Ejl =
1

3

3
∑
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(

√

(ûjx − bix)2 + (ûjy − biy)2 − d̂i
2

)

(2)

The focus of the algorithms is to substitute the values for
the locations(ûjx − ûix) so that theEj is minimized. The
locations that generate the lowest value ofE in kmax iterations
is considered as the estimated location of a dumb node. The
nodes that get localized in one phase act as anchors for the
remaining nodes in the next phase. With this, more number
of dumb nodes can get localized in subsequent phases. The
localization process is repeated These steps are repeated for
maximum number of trials or till all the dumb nodes in the
network are localized. After the last trial, the mean localization
error is determined using (3).

E =
1

L

L
∑

j=1

(

√

(ujx − ûjx)2 + (ujy − ûjy)2
)

(3)

Here,L represents the number of localized nodes,(ujx, ujy)
are the actual locations of the node and(ûjx, ûjy) are the
estimated locations.

IV. B IO-INSPIRED ALGORITHMS FORSENSOR

LOCALIZATION

This research is focused on the development and application
of CI algorithms for sensor node localization. Several
bio-inspired algorithms, such as ABC, PSO, GA, shuffled
frog leaping algorithm (SFLA), firefly algorithm (FA), bees
algorithm (BA) and cultural algorithm (CA) have been
implemented for optimization. The details of the application
of these algorithms for localization of stationary and mobile
sensor nodes has been outlined in the following subsections.
The initial study comprises the analysis of the strength and
weakness of each algorithm using benchmark functions.

A. Optimization of Benchmark Functions

Global optimization refers to finding the best option in
a given set of alternatives. The objective of optimization
is to minimize (or maximize) a real function (referred as
an objective function, cost function or health function) by
systematically choosing the values of variables from an
allowed set. Metaheuristic bio-inspired algorithms employ the
strategies that guide the search process and explore the search
space in order to find a near-optimal solutions. The two
metaheuristic algorithms, namely ABC and PSO algorithms
have been used for minimization of benchmark functions [4].
The ABC algorithm is a population based algorithm based on
the food foraging behavior of honeybees. The position of a
food source represents a possible solution to the optimization
problem and the nectar amount of a food source corresponds
to the fitness of the associated solution [5]. The PSO algorithm
has been inspired by the behavior of colonies of insects and
birds [6]. PSO uses a number of agents called particles that
move around in the search space looking for the best solution.
The ABC and the PSO have been tested for benchmark
function optimization. The functions are tested for multiple
dimensions in several rounds of iterations in wide range
of values. The results are recorded in terms of accuracy,
computing time and number of function calls. The statisticsof
the results such as standard deviation and mean are used for
comparison of ABC and PSO algorithms. The ABC exhibits
more accurate results than PSO but with a delay.

The PSO and ABC algorithms have been further compared
with the FA and the CA [7]. The FA is based on the flash
behaviour of fireflies. The firefly is attracted to other fireflies
based on their brightness. The attraction is defined by the
brightness and they both decrease as their distance increases.
The brightness is determined by objective function. If there is
no brighter firefly than a defined threshold value then the firefly
move randomly [8]. The CA is based on the evolution process
in nature. The key components of the CA are belief space,
population space and a protocol for exchanging knowledge
between these sources. For finding a good solution to a given
problem, the acceptance and influence functions are used.



These functions use the knowledge space and belief space and
this collective knowledge determine the decision.

B. Multi-phase Localization using the ABC Algorithm

After the successful application of the metaheuristic
algorithms on benchmark functions, the research has been
focused on application of these algorithms for sensor
localization. The ABC algorithm has been used to estimate the
location of dumb nodes with a fitness function as expressed
in (2). The results of the ABC-based localization have been
compared with the PSO algorithm. The ABC is more accurate
than PSO but it performs the localization with large delay and
hence it not suitable for quick real life applications [9].

C. Localization using Shuffled Frog Leaping Algorithm

A discrete optimization algorithm namely SFLA uses a
virtual population of frogs that search for the location of food
[10]. The entire population of frogs has been divided into
different subsets called memeplexes. Each memplex is with
frogs having different culture. During the cultural evolution
the frogs exchange memes and change their position to
reach towards optimal solution. The frogs in each memeplex
perform local search for a solution by sharing ideas with
each other. After completion of local search the frogs of each
memeplex are shuffled. The search process is continued until
the defined convergence has been reached or defined set of
evaluations have been completed. The SFLA algorithm has
been successfully used in multi-stage localization to minimize
the localization error and estimate the locations.

D. CI-based Localization of Mobile Sensor Nodes

The mobility in sensor nodes pose several challenges in
localization. The localization of mobile nodes in WSN has
been formulated as a concave optimization problem and has
been approached using FA and the ABC algorithm. In the
proposed method, a dumb node is mobile with a predetermined
source and destination. A comparison of the performances of
FA and ABC algorithms for localization has been presented.
FA exhibits higher accuracy of localization while ABC is
quicker [11].

E. Mobile Anchor Assisted Multiphase Localization

Use of multiple anchor nodes is expensive, especially
for large-scale WSNs. One of the feasible solutions is to
use multiple mobile anchors. The mobile anchors move and
broadcast their positions. A mobile anchor assisted distributed
localization algorithm for WSNs has been presented in this
work. A mobile node is assumed to be known its locations and
it follows a trajectory that performs the maximum coverage of
senors nodes in WSN [12]. The trajectory of the mobile anchor
is predetermined or random. The locations of a moving anchor
are referred as anchor points. An optimization algorithm
namely the BA has been introduced for minimizing the
localization error. The results of BA-based localization has
been compared with the GA-based localization. The BA-based
localization outperforms the GA-based localization of multiple

TABLE I
RESULTS OFBA- AND GA-BASED LOCALIZATION

Trial Node Density Accuracy (E) Time (T )
BA GA BA GA

1 20 0.32 0.44 170.25 164.13
2 40 0.45 0.58 285.83 225.31
3 60 0.62 0.72 387.24 385.20
4 80 0.16 0.16 456.44 446.09
5 100 0.04 0.07 661.23 660.17

TABLE II
STATISTICAL SUMMARY OF 20 TRIAL RUNS OF BA- AND GA-BASED WSN

NODE LOCALIZATION .

Localization Error Computing Time

Mean Standard Deviation Mean Standard Deviation

BA 0.0599 0.1635 44.2871 0.2764

GA 0.2249 0.2812 192.6837 0.8409

For all trials,R = 20 units, b = 1 andu = 20.

dumb nodes using a single mobile anchor. The BA is based
on the behaviour of honeybees that are in search of rich
food source [13]. The BA uses this cooperative behaviour
of honeybees and uses fitness function to determine the best
location with quality nectar. The GA mimics evolutionary
process in nature and it has been used in several optimization
and search methods [14].

V. RESULTS

The results of the application of two bio-inspired algorithms
the BA and the GA for localization problem have been
discussed in this section. The dumb nodes are considered
as stationary nodes and anchors are mobile. The multistage
localization proposed here has been validated through
MATLAB simulations. The sensor nodes are deployed in the
filed of size100×100. The initial deployment of sensor nodes
and anchors in a trial has been depicted in Figure 1(a). An
intermediate stage of localization, where some of the nodes
are localized has been illustrated in Figure 1(b). The final
stage of the localization has been presented in Figure 1(c).The
details of mobile anchor-based localization has been depicted
in Figure 2.

The comparative analysis of BA-based localization and
GA-based localization is presented in Table I. The results show
that the BA performs better than GA in terms of accuracy but
lags in the speed of localization. The statistical summary of
20 trial runs of BA- and GA-based WSN node localization
is shown in Table II. The termR denotes the communication
radius,b andu denote the beacon and dumb node respectively.
The percentage of noise has been assumed to be constant. An
increase in the percentage of noise leads to an increase in
the localization error. To summarise, the FA, the BA and the
ABC algorithms based on SI have shown better performance
in accuracy than the CA and GA from the EC. The algorithms
based on EC exhibit better performance in computing speed.
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Fig. 2. Mobile Anchor-based Localization Scenario
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(b) Intermediate Stage of Localization
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Fig. 1. Stages of ABC-based multistage localization in a trial run

VI. CONCLUSION AND FUTURE WORK

The localization problem has been addressed using
bio-inspired CI algorithms. The analysis of SI and EC
algorithms have been presented for the accuracy and
computing time in sensor localization. It can be concluded
that metaheuristic algorithms provide a simple, more accurate
solution to the localization problem in comparison with the
conventional analytical methods. The future work of this study
is aimed at energy optimization in sensor nodes with accurate
localization. Other natural directions for the extension of this
study is to address the security challenges in the localization
of WSNs, and to develop algorithms that determine optimal
paths for mobile anchors.
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M. Zaidi, “The bees algorithm — A novel tool for complex optimisation
problems,” in Intelligent Production Machines and Systems, 2006, pp.
454–459.

[14] M. Mitchell, An Introduction to Genetic Algorithms. Cambridge, MA,
USA: MIT Press, 1996.


