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Abstract: Enormous growth rate of Wireless Sensor Networks (WSN) in the recent
decade mark out a high demand for efficient scalable routing and aggregation
protocols. WSN primarily involves with recording and maintaining
intercommunications between each nodes and thereby relaying integral
information from a geographically challenging location. Given the randomness of
the topologies in large scale environments, clustering of nodes have been
extensively used, which can isolate some nodes in cardinal scenarios leading to
the increase in overall system efficiency. Hence this leaves an expansive genus
for the implementation of different optimizing algorithms to make the clustering
more efficient. Use of Swarm Intelligence like Particle Swarm Optimization (PSO)
and Ant Colony Optimization (ACO) are already proven algorithm in large scale
cluster-based WSN in improving the node cluster connectivity with aim of reducing
power consumption. In this paper a new approach with the usage of Constricted
Particle Swarm Optimization and the Ant Colony Optimization with levy flight is
scoped out, to improve the cluster formations as well as enhancing node-clustering
connectivity to facilitate better usage of the Clustering.
Keywords: WSN; routing; cluster; PSO; ACO; levy flight.

1 INTRODUCTION
Wireless Sensor Network represents
topographically distributed nodes, having the
capabilities of gathering information by
correspondence with the other geographically
viable nodes in its vicinity. The usage of WSNs
have increased significantly over the years, in
varied fields, namely environmental health
monitoring, disaster detection like earthquakes,

tsunamis, hurricanes etc., primarily because of their
scalability and aggregation protocols [2] which
they follow. Their adaptive capabilities, provided
by the underlying routing protocols like AODV,
DSDV, ODMRP etc. are an added advantage which
are used to maintain a steady data flow.

Clustering is a phenomenon, which implicates the
grouping of nodes in certain regions of their
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distribution. Clustering mechanism is used
extensively to handle the challenges of the very
large scaling and having limited power supplies,
helps in reducing the power consumption.
Segregating the nodes that form a cluster, there can
be the existence of two types of nodes [2], Head
Node(s) and the Sensor Nodes. Head Nodes are
responsible for the creation of aggregated linkages,
to facilitate the intercommunication between the
other sensor nodes.

With the recent advances in protocols, clustering
can be effective in transmitting data to two feasible
zones. Either in case of an infrastructure topology,
the data can be sent to the Base Station(s), or in
case of Ad-Hoc topologies, the data can be
intercepted by a neighbor node of the cluster or by
another cluster. The 802.11 standards [3] so used in
establishing the communication, is segregated in
three primary divisions. The 802.11n is relatively
new and fast protocol, but takes up a lot of power
and bandwidth, hence is limited in WSNs. The
801.11a is relatively old and would not serve the
purposes of transmission, so the 802.11b is the only
viable option.

Given the varied range of cluster sizes and the
number of nodes in a cluster, this is an ideal site for
the application of meta-heuristics to deal with the
challenges so faced. Meta-heuristics with its guided
approach deals with a higher zone of heuristic
searches and thereby generates a near optimum
solution for a certain problem.

Ant Colony Optimization, deals with [8] the agents,
mimicking the nature of ants in real life. These
agents forage for finding the destination, leaving
behind a trace of volatile pheromone. As more ants
travel on a same path, the pheromone trail increases,
while the other trails evaporate generating a
shortest route. The ACO has proven to be an
extensively good algorithm in optimizing routing
path of any WSN topologies, but the algorithm
finds limitaton due to highly mobile nature of
nodes in WSN.

The PSO being a robust evolutionary algorithm
[10], deals with agents called particles, which
forage out in the search space to find an optimum
solution to a problem. Its location determines the
Candidate solution for the respective particle. Each
such particle converges towards the optimum
solution by striving for a better Candidate position
in the search space. The initial positions are chosen
randomly for each agent to begin with, and
eventually they converge towards a better solution
which worked out well in the WSN dynamic
environment in optimizing the cluster node

formation but its randomized unguided nature also
finds limitation in varied nature of WSN
environment.

This paper proposes a new efficient technique
based on Constricted PSO and ACO with levy
flight in optimizing both the cluster formation as
well as the cluster communications. The
Constricted approach in PSO introduces a
constriction factor which is used to control the
velocity of each particle, until the creation of the
cluster itself. In addition, the levy flight employs its
controlled randomization of ACO, in optimizing
routing path between nodes, both within a cluster
and is possible to connect to an entirely different
cluster. The remaining of this paper is organised as
follows: In section II, a brief outline of the existing
works in clustering, ACO, and PSO are given. In
section III the proposed new algorithm for cluster
formation and communications is described
followed by Section IV which lists out the
experimental setups and the simulation results.
Finally, concluding in the section V.

2 Existing Works in Clustering of WSN
Meta-heuristics have been used extensively in
WSN aiming in providing suitable solution to the
problem generated due to the varied and mobile
nature of WSN. With the usage of meta-heuristics
in existing protocols like LEACH [5] have shown
rise in the overall efficiency of the data
transmissions. Algorithms like the Ant Colony
Optimization based cluster [4] transmissions, have
worked on WSNs to provide better results. But in
ACO based algorithms used in WSNs, the main
problem lies with the very thrust of the algorithm
and the nature of the WSNs. PSO based clustering
techniques, which have worked in both LEACH [6]
and OEERP [7] protocols works in singularly in
inter cluster managements, but when it comes to
intra cluster communications, it falls short to
deliver efficient results.

2.1 ACO based Clustering in WSN
The main focus of Ant Colony Optimization lies in
the essence of mimicking the natural behavior of
ants in real life, during their foraging time outside
the colony. The foraging topology denotes the
problem search space and the ants represented by
software agents, scour through the search space
trying to find an optimal solution. The ants leave
behind a trail of volatile pheromone, which is used
to mark the paths that they take individually. Being
volatile, these pheromones evaporate off after a
certain period of time, if they are not newly
deposited. Whereas, the paths which are traversed
by more ants have a constant deposition of
pheromone leading to the optimal solution.
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According to the algorithm [8] , a set of m artificial
ants agents, construct solutions from identities of a
finite set of available search space components, C =
{ cij}, I = 1,…,n, j = 1,…,|Di|. The
construction of a solution begins with an empty
solution sp= ∅. Then, at each solution creation step,
the current partial solution sp is extended by adding
a feasible solution component from the set of
possible neighbors N (sp) ⊆ C. The process of
constructing solutions can be considered as a path
on the construction graph GC (V,E). These allowed
paths in GC are implicitly defined by the solution
construction mechanism that defines the set N(sp)
with respect to a partial solution sp. The choice of a
solution component from N (sp) is done
probabilistically at each formation step where the
rule given in (1).

  Ncscp ij
ijij

ijijp
ij 
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(1)

Where τij and ηij are respectively the pheromone
value and the heuristic value associated with the
component cij. α and β are positive real parameters
whose values determine the relative importance of
pheromone versus heuristic information. The aim
of the pheromone update is to increase the
pheromone values associated with good solutions,
and to decrease those that are associated with bad
ones. Usually, this is achieved in (1) by decreasing
all the pheromone values through pheromone
evaporation, and in (2) by increasing the
pheromone levels associated with a chosen set of
good solutions.

     m
i sijcupdsssFijij 1 ),(,1 

(2)

where Supd is the set of solutions that are used for
the update, ρ∈[0,1] is a parameter called
evaporation rate, and F : S→R+0 is a function such
that f(s) <f(s′)⇒F(s) ≥ F(s′) ,∀s ≠ s′ ∈S.

F(⋅) is commonly referred to as the fitness function.

As evident, ACO [9] is ultimately iteration based,
providing its agents, ample time to scour out the
best route or solution. This implies, with the more
number of iterations, the provided solution will
converge towards an optimal one. But given the
limited power supply and the mobile nature of the
clustered nodes, ACO will take time to provide a
usable optimized result.

2.2 PSO Based Clustering in WSN
The Particle Swarm Optimization is a population
based swarming algorithm, which can be used to

solve continuous as well as discrete problems. PSO
[10] utilizes agents to scour the search space for an
optimal solution. The location of these agents, or
particles, represents the candidate solution for the
optimization problem, whose search space it so
traverses. Each particle’s velocity, which being an
important attribute, can be altered with respect to
its current position in order to achieve a better one.

Its algorithm initiates by spawning particles at
random positions, within an initial region Θ′⊆Θ.
Velocities are generally instantiated within Θ′ but
they can also be initialized to zero or by minute
random values to prevent particles from
abandoning the search space during the first
iterations. While in the main loop of the algorithm,
the velocities and positions of the particles are
iteratively re-initialized using (3) and (4) until a
halting criterion is met.

v⃗ t+1i= wv⃗ ti+ φ1U⃗ t1 (b⃗ ti−x⃗ ti)
+ φ2U⃗ t2 (l⃗ ti−x⃗ ti) (3)

x⃗ t+1i=x⃗ ti+ v⃗ t+1i (4)

where w represents the inertia weight, φ1 and φ2 are
acceleration coefficients and U⃗t1 and U⃗t2 are two
n × n diagonal matrices in which the main diagonal
elements are random numbers uniformly
distributed within the interval [0, 1]. During each
iteration, these matrices are regenerated. The vector
l⃗ti, is denoted as the neighbourhood best, and
x⃗ t+1i is the best position achieved by any particle
within the neighbourhood of the particle pi, that
being, f(l⃗ti) ≤ f(b⃗tj) ∀pj∈ Ni. Considering the
values of w, φ1 and φ2 suitably controlled, the
particle’s velocities doesn’t grow to infinity and
best fitness solution can be achieved.

The updating scheme so followed in PSO [6, 7]
ensures its usage in the inter cluster
communications. The velocity updating is used to
mimic the WSNs’ dynamic movements and an
optimized path for the data streams to flow through
is carried out efficiently. However, when it comes
to the multi cluster optimizations, the PSO
algorithm loses its ground. In the initialization
phase of the PSO [9], particles use completely
random positions, which are evidently unguided.
The varied nature, and distances between the
clusters of WSNs, the updating in position vector
for nearing optimization may not lead to the target
cluster at all, and hence, a more guided approach is
required during these multi node optimizations.

3 Proposed Algorithm Applied to Cluster
Formation And Data Routing in WSN



Nath et al., Advances in Industrial Engineering and Management, Vol. 6, No. 2 (2017), 83-89

86

In cluster based WSN architecture with existing
methodologies, leave behind certain flaws, which if
tended to, will provide better results. Hence, in the
proposed algorithm, we have chosen to use the
constriction based PSO (PSO-C) for cluster
formation in the learning phase, which in turn
enables us to create clusters having better densities.
In the ever changing topologies of WSNs, and their
decreasing power supply, fast routing conditions
are required which lead us in using ACO with Levy
Flight (ACO-LF), which follows Random Walk
tendencies and aims in converging to a goal state
faster and more effectively. In intra-cluster
optimization the algorithm has sorted to PSO-C and
for inter-cluster optimization ACO-LF is used.

3.1 Constricted PSO for Cluster Formation in
WSN
Constricted Particle Swarm Optimization [13]
comes into play during optimizations of a more
random behavior. The introduction of constriction
factor reduces the expansion distance of the cluster
formations. Hence, it reduces the overall distance
of the nodes in a cluster, thereby helping in
accommodating more nodes in a cluster and
eventually increasing the in channel network
communications. The constriction factor helps to
reduce the swarm explosion by introducing
conditions, which are directly dependent on the
search results of the previous iteration. Χ is the
constriction factor, as in (5),

Χ=
 42[

2
2 

(5)

where, φ=φ1 + φ2, φ >4, φ being the acceleration
coefficients. After the substitution in the velocity
equation with the Constriction Factor, (3) modified
to (6).

v⃗ t+1i= X[v⃗ ti+φ1U⃗ t1 (b⃗ ti−x⃗ ti) +

φ2U⃗ t2 (l⃗ ti−x⃗ ti)] (6)

Generally, the value of yields to be around 4.1,
generating the value of X at 7.29 [12]. The
previous velocities are multiplied by 0.729. For
stability cases, these values are only taken while
implementing constriction in PSO. The values of
the searches are stored in a knowledge base and is
used to update the fitness of the agents.

3.2 Algorithm
Step 1:Nodes (Distributed Randomly), velocities
initialized.

Step 2:Calculate the Fitness Function for each
nodes, defined by the velocity vector in (3)

Step 3: Select the new nodes from the initial nodes,
based on the Fitness values, computed in the
previous step (Current Velocity is defined by the
rate at which the particle’s velocity has changed)

Step 4: New Velocity is evaluated by the
Constricted Value as in (6)

Step 5: Update the new positions by (4)

Setp 6: If (new fitness value > old fitness value)
Select the node accordingly.

Step 7: Select the Local Best node; goto Step2

Step 9: The Local Best are used to create the
clusters.

Step 10: The Global Best of each cluster is selected
as the Cluster Head.

3.2 Levy Flight Based ACO Routing Optimiza-
tions in WSN
The Levy Flight based ACO (ACO-LF) follows the
same principle of ACO, but with varied movement
characteristics of the ants. The algorithm follow the
random walk to obtain optimizations which are
more suitable for topographies like those of WSNs.
Instead of having a decomposing ρ, it remains
constant in ACO [11], but the agents, i.e. the ants
follow the levy distribution to obtain search results.
In the random walk, the velocities, u and v follow
the normal distribution, and are defined by �∼N(0,
σ2), �∼�(0, ��), and combine to give the Levy
flight equation as L(s) ~ u/|v|1/β. By substituting it
in (2) the pheromone equation is modified as in (7).

(�t+1)=(1-  ��,)* ��䁐(�)+∆��䁐(�), ��,䁐∼�ᬸ�݆(�β) (7)
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3.3 Algorithm
Step 1: Initialization of Hello Packets

Step 2: Set the initial path of the traversal, to any of
Cluster Heads, and set it as the start node
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Step 3: Initialize the traversal paths.

Step 4: If (current node = destination node)

Add node to the path
Step 5: Else if, the node has a routing table:

Step 6:Check if the routing table contains
destination node

Step 7: Set the current node to the destination node;
goto Step4

Step 8:Sort the node distribution w.r.t the
pheromone concentration, defined by ( �), u and
σuas in (7).

Step 9:Select the node based on the pheromone
concentration

Step 10: Initiate the Random Walk; goto Step4

Table 1. Simulation atribute.

Topology Size 1200 m x 1200 m

Number of Nodes 600

Data Packet Size 4 bytes

Control Packet Size 100 bits

Initial Energy Per Node 2.1 J

Mobility Model RandomWalk

Maximum Channel Power 2mW

Radio Bitrate 1000kbps

Simulation Time 3400s

Simulation Style Cmdenv-fast-mode

4 Experiment and Results
4.1 Experimental Setup
The simulations is implemented using the INET
Framework in OMNET++ 5.0. Some changes is
made to the .ini file to help it simulate the real life
scenarios. Minor tweaks is made to impose a more
natural phenomenon and conditions. The attributes
necessary for the proper implementation of the
WSN networks are cited in the simulation area in
Table 1. To enable proper simulation environment
for the iterative procedures to act, it is trail blazed
for 3400s. Given below are representations of the
WSN and clustering in the Cmdenv of the
OMNET++ 5.0.

Fig. 1. Pre clustering scenario.

4.2 Simulation Results
The simulation results obtained for pre clustering
and the post clustering scenarios are shown in Fig.
1 and Fig. 2. respectively. Fig. 2. represents the
simulation closer to the terminating point of the
entire simulation on introduction of PSO-C. The
data being continuous, and not discrete, is not
possible to be portrayed in the charts. Hence the
continuous data banks are plotted against possible
parameters.

Fig. 2. Clustering using PSO-C algorithm.
In Fig. 3. number of non-functional nodes are
compared against time for the unguided clustering
and the guided PSO-Constricted Clustering. Being
constricted to a certain search domain, and having a
knowledge base to surf through, the PSO-C based
clustering produces less non-functional nodes. This
helps in providing a better density to the cluster,
and thereby improving the relay properties, for
which they are deployed in the first place.
Although both conclusively converge toward end
of the simulation, but given the overall
performance of PSO-C algorithm, in given amount
for the simulation, the performance is better, which
can be established for better data collection.
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Fig. 3. Comparison of the algorithms during cluster formation.

Fig. 4. depicts the packet delivery ratio when pitted
against the unguided routing, the ACO based
routing and the ACO-LF based data routing. It goes
without mentioning that the unguided routing, fails
to perform and cannot touch the 85% dense cluster
structures for data routing. The ACO and ACO-LF
reaches beyond the 80% barrier, but ACO loses its
grounds on the basis of its iterative drawback. ACO
requires multiple iterations to deliver a promising
result, but given the case of a decomposing power
supply, it loses to the Random Walk inspired ACO-
LF. This performs significantly better than the
ACO in terms of scouring the entire search space
(the topography), for its destination, and thereby
provides results, superior as compared to its basic
counterpart.

Fig. 4. Comparison of the algorithms during node Cluster
connectivity.

CONCLUSION
WSN system on large scale environment with its
operation on the varied conditions, needs utmost
importance to conserve energy and also maintain a
stable connection amongst the other set of nodes.
The concept of clustering technique in WSN aims

in improving the node connectivity and increase in
system efficiency. The introduction of the
Constricted factor of Particle Swarm Optimization
not only enables a faster and a denser cluster
formation in high scalable WSN environment but
also ensures smooth convergence and outperforms
its counter parts. The ACO-LF on the other part,
follows the Random Walk to establish better
connectivity within the topographies, in a more
enhanced way because of its Levy Flight
characteristics, which elevates the results as
compared to the original ACO. The proposed
algorithm proves its establishment to provide an
efficient and robust creation and data routing for
Cluster based Wireless Sensor Networks.
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