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Abstract
Recently, wireless sensor networks (WSNs) have had many real-world applications; they have thus become one of the most
interesting areas of research. The network lifetime is a major challenge researched on this topic with clustering protocols being
the most popular method used to deal with this problem. Determination of the cluster heads is the main issue in this method.
Cognitively inspired swarm intelligence algorithms have attracted wide attention in the researh area of clustering since it can give
machines the ability to self-learn and achieve better performance. This paper presents a novel nature-inspired optimization
algorithm based on the gravitational search algorithm (GSA) and uses this algorithm to determine the best cluster heads. First,
the authors propose a rank-based definition for mass calculation in GSA. They also introduce a fuzzy logic controller (FLC) to
compute the parameter of this method automatically. Accordingly, this algorithm is user independent. Then, the proposed
algorithm is used in an energy efficient clustering protocol for WSNs. The proposed search algorithm is evaluated in terms of
some standard test functions. The results suggest that this method has a better performance than other state-of-the-art optimization
algorithms. In addition, simulation results indicate that the proposed clustering method outperforms other popular clustering
method for WSNs. The proposed method is a novel way to control the exploration and exploitation abilities of the algorithm with
simplicity in implementation; therefore, it has a good performance in some real-world applications such as energy efficient
clustering in WSNs.

Keywords Wireless sensor network (WSN) . Energy efficient protocol . Clustering method . Gravitational search algorithm
(GSA) . Rank-based selection . Fuzzy logic controller (FLC)

Introduction

Biologically inspired algorithms (BIAs) have attracted consid-
erable research interest from science and engineering commu-
nities around the world. These algorithms are motivated by
challenges in applications where classical optimization algo-
rithms are not effective. Evolutionary algorithms and swarm
intelligence are two main branches of BIAs [1].

In recent years, investigation of the behavior of swarm
animals and natural phenomena has introduced many meta-
heuristic algorithms. These algorithms which are inspired by
social cognitive science are used to solve optimization prob-
lems in real-life applications [2]. However, these algorithms
do not have their origin primarily in mathematics; they are
inspired by biological phenomena. In BIAs and swarm

intelligence algorithms, agents share their information with
other agents in the population in order to improve the perfor-
mance of the whole swarm. Although each agent in these
approaches has low-level cognition and is not individually
smart enough to solve sophisticated problems, there are some
valuable properties such as thinking, learning, recognition [3],
reasoning, and high-cognition in the swarm intelligence algo-
rithms which can be used to solve many complicated and
industrial problems [4, 5]. There have been numerous ad-
vances in swarm intelligence based on cognitively inspired
algorithms [6, 7]. Cognitively inspired swarm intelligence al-
gorithms (SIAs) have attracted wide attention in many scien-
tific and engineering fields [8–11]. In SIAs, particles usually
either make decisions according to their own experience or
according to the elite’s suggestions. Moreover, the stochastic
mechanism is introduced to all SIAs to promote their optimi-
zation capability [12].

Gravitational search algorithm (GSA) is one of the new
nature-inspired optimization algorithms which has been pro-
posed by Rashedi et al. [13, 14]. This method is inspired by
the Newtonian law of motion, gravity, and mass interactions.
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In this method, agents or masses can search for feasible areas
in order to find better solutions. They are placed in a feasible
area where their weight is determined by their position in this
area and their fitness function value. Thus, the objects which
are placed in a better position, in the feasible area, are heavier
and attract lighter objects with worse fitness values. GSA is
used in applications such as clustering, robotics, filter model-
ing, and artificial intelligence [15].

Up to date, numerous efforts have been made to en-
hance the performance of the GSA. Clustered-GSA
(CGSA), inspired by calculating the central mass of a
structure in nature, is used to reduce the computation of
GSA. Further, this method reduces the number of fitness
function calculations [16]. Also, some researchers have
added a new operator to improve the performance of
GSA. Doraghinejad et al. introduced an operator called
“Black-hole” for GSA which is inspired by characteristics
of black-holes as astronomical phenomenon [17].
Disruption is another operator inspired by astrophysics.
This operator can balance and control the exploitation
and exploration properties of GSA [18]. Some of the dif-
ferent variants of GSA which have been developed to
enhance and improve the original version of the algorithm
have been reviewed in here [15]. In this paper, we use the
rank-based fitness assignment method to overcome the
scaling problems of the proportional fitness assignment.
Rank-based methods tend to prevent premature conver-
gence by tempting selection pressure for large fitness dif-
ferentials that occur in early generations. Conversely, by
amplifying small fitness differences in later generations,
selection pressure is enhanced compared to other fitness
assignment strategies.

BIAs and meta-heuristic methods have the problem of pa-
rameter adaptation. Many researchers use a fuzzy logic con-
troller (FLC) to solve this problem and obtain better results
than original algorithms [19]. In this regard, Ref. [20] used the
fuzzy logic to combine the result of real genetic algorithm
(RGA) and particle swarm optimization (PSO) which are bi-
ologically inspired optimization algorithms, in an optimal way
to achieve the best performance. Ref. [21] investigated a new
fuzzy PSOmethodwith-crossmutated operation. Thismethod
improved the performance of the algorithm by controlling
parameters of the method and the new operator. This approach
was used to compute a decision-based filter for a cDNA
microarray image restoration. In this paper, a fuzzy logic
controller was used to control the selection pressure of the
algorithm according to the computational process of GSA.
In other words, the exploitation and exploration abilities
of the algorithm can be controlled automatically.

In our previous works [18, 22], we attempted to improve
the performance of the GSA by introducing new versions
of GSA. The authors in [18] proposed a modified version
of GSA, with a new operator and mutation, which used the

fuzzy logic controller to control the parameters of this op-
erator. In GSA, the value of masses was calculated with
respect to the fitness of agents. To enhance the perfor-
mance of GSA, definition and calculation of masses are
necessary. Accordingly, [22] proposed new methods for
defining and calculating the value of masses. They pro-
posed mass scaling and Boltzmann selection functions to
calculate the value of the masses. Thereby, exploration and
exploitation properties of the algorithm could be controlled
and its performance improved. In these methods, the value
of masses for each agent was heavily dependent on the
value of the objective function and fitness function.

In past years, researchers have focused on wireless sensor
networks (WSNs) in both theoretical and industrial fields, as
they are effective means in monitoring and tracking applica-
tions. For example, WSNs are used for health monitoring,
military applications, agriculture, forecasting, and decision
systems [6, 23]. WSNs contain many cheap independent
nodes known as sensor nodes. Each sensor node has units
including sensing, processing, communication, and energy
units. These sensors are located in the target area randomly
or manually. They can sense data such as pressure, humidity,
sounds, and chemical concentration from the target area.
Sensor nodes collect these data and communicate with other
nodes to ultimately relay information to the base station.

The power unit of sensor nodes is limited. Further, in
most applications, sensor nodes are not accessible once
they are located in the target space. Therefore, their power
unit and the battery cannot be changed, and the sensor
node will die once its battery runs out. Thus, energy con-
sumption is an issue for WSN investigations in order to
enhance the lifetime of the entire network.

Clustering methods have been used in many real-world ap-
plications and problems. Hence, it is the fundamental topic in
artificial intelligence. In [24], the authors proposed a new clus-
tering protocol called the spectral embedded clustering frame-
work and used linearity regularization to deal with out-of-
sample data. Ref. [10] used a social recognition-based multi-
objective GSA, for clustering of remote sensing imagery. One
of the most common techniques for energy efficient consump-
tion in WSNs is clustering. A clustering method gathers the
sensor nodes into clusters, where each cluster has its own cluster
head. The nodes sense the data from the target area and transmit
them to their corresponding cluster head. Thus, the raw informa-
tion of all sensors in each cluster is collected into the cluster head.
Finally, the cluster head compresses and transmits this informa-
tion to the base station. Clustering methods can improve the
energy usage in the WSNs by reducing the number of nodes
with long distance communications and preventing them from
sending irrelevant data to the base station.

Low energy adaptive clustering hierarchy (LEACH) is one
of the most popular clustering methods for WSNs, first pro-
posed byHeinzelman in [25]. LEACH cannot provide an ideal
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and desired number of cluster heads in WSNs architecture. A
centralized energy efficient clustering method, LEACH-C,
was introduced by Muruganathan et al. [26]. In this protocol,
the base station forms the clusters at the beginning of each
round using a centralized algorithm. The results reveal that
LEACH-C protocol can outperform the LEACH algorithm
and has a better performance in terms of the network lifetime
and total data transmission. Ref. [27] studied some popular
clustering methods in WSNs and examined their performance
in terms of power consumption.

BIAs and swarm intelligence algorithms have been used in
some clustering protocols for WSNs [28]. For example, in
[29], the authors defined a new cost function which could
minimize intra-cluster node distances and improve the battery
usage of the network simultaneously. Then, PSO algorithm
was used to find a good solution for this cost function. In
[30], a new version of GSA, quadrivalent quantum-inspired
gravitational search algorithm (QQIGSA), inspired by quan-
tum mechanics, was introduced, where this optimization algo-
rithm was used in WSNs in order to improve the energy con-
sumption in the network. In Ref. [6], a new, cognitively in-
spired artificial bee colony clustering algorithm was intro-
duced. This algorithm which has a clustering evaluation
model, was used in clustering for energy management in
cognitive WSNs, special models of WSNs. The objective
function defined in this paper tries to improve the energy
consumption in WSNs by determining compact clusters
with high remaining energy cluster heads. In the proposed
method, we use the modified version of GSA to find a
good solution for this optimization problem.

In this paper, a new method is used for mass calcula-
tion in GSA where a rank-based approach considers the
rank of individuals instead of their fitness values is
employed to determine the value of masses. The explora-
tion and exploitation of the algorithm can be controlled by
the parameter of the algorithm. In the proposed method, a
fuzzy controller is defined to determine the value of this
parameter; therefore, the parameter is determined auto-
matically and independent of the user. Further, this con-
troller can balance the exploitation and exploration abili-
ties of the algorithm to achieve the best performance for
solving optimization problems. The performance of the
proposed method is compared with state-of-the-art heuris-
tic algorithms. The experimental results and statistical
analysis reveal that the proposed method outperforms oth-
er approaches in many test functions. Reviews of the lit-
erature show that the proposed method is the first appli-
cation of a rank-based method in mass calculation in
GSA. Also, the use of a controller to determine the value
of this parameter and to control the abilities of the algo-
rithm has not been previously done. This novel version of
GSA was then used in WSN protocols to optimize the
battery usage and maximize the network lifetime. The

simulation results suggest that the proposed clustering
method has a better performance than other popular clus-
tering algorithms. This is particularly important as this
application of GSA in energy efficient clustering prob-
lems is the first of its kind.

The paper is organized as follows: the “Basic Concepts”
section introduces the basic concepts required to present the
proposed method; “Rank-Based GSA” section displays the
improved version of GSA; “Adapting the Proposed Method
to Energy Efficient Clustering for WSN” section details the
adaptation and application of the proposed method for clus-
tering in WSN; “Simulations and Experimental Results” sec-
tion presents the evaluation of experimental results, the com-
parison of the results to other algorithms, and a statistical
analysis of the results, and finally, the “Conclusion” section
summarizes and concludes the paper.

Basic Concepts

In this section, important information about the network mod-
el and the standard GSA are introduced and described.

The Network Model

In this paper, a network and radio model previously ap-
plied in [29] was used. The features of this network model
are as follows:

& Sensor nodes sense information from the target area.
Therefore, they always have information to send to the
cluster head.

& The base station is a fixed node located outside the
target area.

& The locations of all sensors are fixed.
& Each sensor has a limited battery.
& Sensor nodes can control and change the energy con-

sumed in data transmission according to the distance of
the destination node.

& All the sensor nodes can be selected as cluster heads.
& Sensed data are compressed in order to reduce the trans-

mission information.

The radio model used in this paper is the first-order radio
model proposed in [25]. The radio channel in this model is
symmetric, meaning the energy consumption between the
two-node transmissions is equal in two directions. The trans-
mitter and receiver parts in each node consume energy in order
to run the radio electronics and power amplifier. In this model,
the energy consumption for data transmission between nodes i
and j is dependent on the distance between these nodes, dij.
The battery usage of the model is d2ij for short distances, while
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the d4ij model is employed for long distances. Hence, the total

energy consumed in transmitting k bit data over a distance d is
computed by the following equation:

ET k; dð Þ ¼ k:Eel þ k:εfs:d2; if d < d0
k:Eel þ k:εtr:d4; if d≥d0

�
; ð1Þ

where Eel is the energy consumption for each bit to run the
receiver or transmitter, εfs and εtr are dependent on the model
of the transmitter amplifier utilized, and d0 is a threshold for
the transmitter distance. ER, the energy expended for receiving
k bit data, is computed as follows:

ER kð Þ ¼ k:Eel: ð2Þ

The energy consumption for receiving and compressing k
bit data in the base station node is computed by the following
equation:

EBS kð Þ ¼ ER kð Þ þ Eda; ð3Þ
where Eda is the energy cost for data aggregation and com-
pression in the base station node. The parameters of this model
which are used in the “Experimental and Simulation Results”
section are defined as follows:

Eel ¼ 50
nJ
bit

; εfs ¼ 10
pJ

bit:m2
and εtr

¼ 0:0013
pJ

bit:m2
; and Eda ¼ 5

nJ
bit

:

The Gravitational Search Algorithm

In the GSA, which is a stochastic and nature-inspired optimi-
zation algorithm, the agents are considered as objects while
their masses represent their performance. The objects can
transmit the information about multi-dimensional search
space by their movements and gravitational forces. In GSA
with N objects (agents), the position of ith object at time t for
i = 1, … N is denoted by:

X i tð Þ ¼ x1i tð Þ;…; xdi tð Þ;…; xmi tð Þ� �
i ¼ 1; 2;…;N ; ð4Þ

where xdi tð Þ shows the position of ith agent at time t in the dth

dimension, and m refers to the search space dimension. The
following equation calculates the overall amount of gravita-
tional force based on the law of gravity acting on object i, in
dimension d, at time t:

Fd
i tð Þ ¼ ∑ j∈Kbest tð Þ; j≠i rand G tð ÞMi tð Þ:M j tð Þ

Rij tð Þ þ ε
xdj tð Þ−xdi tð Þ

� �
; ð5Þ

whereMi(t) andMj(t) are the gravitational masses of the ith and
jth objects at time t, respectively. rand is a uniform random
variable within the interval [0, 1], and G(t), reflecting a

decreasing function of time, is the gravitational constant in
the tth iteration. ε is another constant which is equal to a small
value (ε = 10−16). The objective of this constant is to avoid
having the value of zero as the denominator of this fraction.
Kbest(t) is the set of K(t) heavier objects at time t which is a
decreasing function of time t, and Rij(t) denotes the Euclidean
distance between objects i and j. G(t), K(t), and Rij(t) are com-
puted as follows:

G tð Þ ¼ G0exp −γ
t

tMax

� �
; ð6Þ

K tð Þ ¼ κþ 1−
t

tmax

� �
1−κð Þ

	 

� 100; ð7Þ

Rij tð Þ ¼ X i tð Þ;X j tð Þ
�� ��

2
: ð8Þ

In the last iteration of GSA, only κ% of agents can apply
gravitational force to the other individuals. In this paper, we
consider κ = 0.02.

According to the Newtonian law of motion, the following
equations can calculate the acceleration of object i, its velocity
and new position in dimension d, at time t:

adi tð Þ ¼ Fd
i tð Þ

Mi tð Þ ; ð9Þ

Vd
i t þ 1ð Þ ¼ rand � Vd

i tð Þ þ adi tð Þ; ð10Þ
X d

i t þ 1ð Þ ¼ X d
i tð Þ þ Vd

i t þ 1ð Þ: ð11Þ

According to Eq. (5), heavier objects which are a better
solution for the problem, are more effective agents. These
agents have a greater absorption power where this power
can attract other agents. Furthermore, the heavier agents move
more slowly in the feasible area according to Eq. (9).

In GSA, the values of active, passive, and inertial masses
are equal for the agent; this value for the ith object is calculated
using the corresponding normalized fitness as Eq. (12):

Mi tð Þ ¼ fiti tð Þ−worst tð Þ
∑N

j¼1fit j tð Þ−worst tð Þ
; ð12Þ

where fiti(t) computes the fitness function for ith agent in tth

iteration, while worst(t) in minimization problems is calculat-
ed as follows:

worst tð Þ ¼ max j∈ 1;…;Nf gfit j tð Þ: ð13Þ

Rank-Based GSA

Search algorithms try to establish a good trade-off between
exploitation and exploration power in order to find a global
optimum solution for the problem [31]. The mass calculation
in standard GSA is a very important issue to control and
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balance the abilities of this method, as the movement and
acceleration of each agent in GSA are proportional to the
value of masses of other agents (Eqs. (5) and (9)). In a stan-
dard GSA, the value of mass is computed according to Eq.
(12), so that they are equal to the normalized fitness of agents.
In ref. [22], the authors attempt to control the exploration and
exploitation properties by defining new approaches to com-
pute the value of masses. They use sigma scaling and
Boltzmann selection functions to compute the value of the
agent’s masses and control the abilities of the GSA.
However, in such methods, the value of masses is dependent
on the fitness of agents. Therefore, in some applications and
problems where their agent’s fitness is substantially different
and the standard deviation of normalized fitness is typically
high, this method does not perform well carries the risk of
premature convergence. A rank-based selection method, as
used in this paper for mass calculation, can overcome these
scaling problems. In this method, agents are sorted according
to their fitness, and the values of their masses depend only on
the relative fitness rather than on absolute fitness [32, 33].

Rank-Based Method

In a ranked basedmethod for mass calculation, first, the agents
are sorted according to the value of their fitness function.
Therefore, the worst agent has Rank = 1, while the best agent
has Rank =N, whereN shows the number of agents. The value
of the mass assigned to each agent depends only on its rank
and position and not on the actual objective value [34].
Consider Ri(t) as the rank of the ith agent in the population at
time t, and S as a selective pressure, which is the parameter of
this method. The mass value for each agent in time t, Mi(t),
could then be calculated as follows [35]:

Mi tð Þ ¼ 2−Sð Þ þ 2 S−1ð Þ Ri tð Þ−1ð Þ
N−1

: ð14Þ

In this method, parameter S which is allowed to be
within [1.0, 2.0], can control the exploitation and explo-
ration abilities of the algorithm. If S is close to 2 and
obtains a large number, the standard deviation of the val-
ue of masses would be high, and major differences be-
tween the value of masses would be observed; therefore,
the exploitation ability of the algorithm increases and the
algorithm converges to the best solution. On the other
hand, when the value of parameter S is low and close to
1, the standard deviation of the value of masses dimin-
ishes and the value of masses approach each together; in
this case, the exploration ability of the algorithm would
increase. The algorithm also searches the feasible area in
order to find better solutions and avoid being trapped in
local optima [13]. In a rank-based method, the value of
parameter S is determined by the user; consequently, it is

a user-dependent method. In this paper, the authors
attempted to overcome this deficiency of rank-based
methods using a FLC which can compute the value of
parameter S automatically and independent of the user
and the problem.

FLC to Control the Parameter of Rank-Based Method

In this section, the value of S, the parameter of the rank-
based method, was computed using a fuzzy logic control-
ler. The exploitation and exploration abilities of the algo-
rithm were controlled using this FLC. The controller pro-
posed for this method is called Periodic. This controller
computes the parameter S and the rank-based GSA runs
with this S for a period of time. The FLC updates the
value of parameter S at some pre-defined update time with
the algorithm employing this value during the period of
time (p). To design a FLC, a fuzzy inference system was
proposed which obtains three variables as its input and
produces an output variable. IM(t), IT, and S(t − p) are
inputs of this controller, and S(t) is the output of the
FLC. IM(t) refers to the improvement of the algorithm
within a period of time. Suppose that Best(t) and Best(t
− p) contain the best solution for the minimization prob-
lem in time t and t − p , respectively. Thus, the IM(t)
would be computed as:

IM tð Þ ¼ 1−
Best tð Þ

Best t−pð Þ : ð15Þ

The value of this variable is allowed to lie within a [0,
1) interval. If the value of IM is low, the improvement of
the algorithm would have been minor within the last pe-
riod of time. Furthermore, the high value of this variable
would imply that the improvement of the algorithm has
been significant, and the algorithm has had a good perfor-
mance in searching and finding the problem minimization
in the last period of time.

IT is a variable which shows the remaining time of the
algorithm. The value of this variable is computed as follows:

IT ¼ t
max it

; ð16Þ

where t is the time andmax _ it refers to the maximum number
of iterations in the algorithm. According to Eq. (16), the value
of IT is allowed to lie within (0, 1]. The lower value of this
variable suggests that it is at the beginning of the algorithm.
On the other hand, the high value of this parameter indicates
that it is close to the end of the algorithm. S(t − p) and S(t) are
two variables representing the parameter of the rank-based
method in the previous period of time and now. Figures 1, 2,
and 3 display the membership functions for these variables
used in the proposed algorithm.
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Table 1 presents the rules of this FLC. The proposed con-
troller has three inputs such as those described in the previous
section, so it should have 2 × 2 × 3 = 12 rules as presented in
Table 1. In this table, L,M, and H represent low, medium, and
high levels for the corresponding variables. These rules are
summoned to control the exploitation and exploration abilities
of the algorithm.

According to the second rule in Table 1, if there is a lack of
improvement at the beginning of the algorithm, and the value
of the selection pressure in the previous time period is medi-
um, then the controller decreases the value of the rank-based
parameter. The controller executes this task since the algo-
rithm should explore the feasible area at the beginning of the
algorithm to discover better solutions. Further, a low value of
the variable IM(t) implies that the algorithm is trapped in a
local optima. As mentioned in the previous section, the explo-
ration power of the algorithm was enhanced while the value of
S was decreased. Concerning the fourth rule, if the improve-
ment of the algorithm is low, and the algorithm processes its
last iterations, then the controller would raise the value of
parameter S.

The input parameters were combined using the AND oper-
ator and the Center of Gravity (COG) method was used for

defuzzification. COG provided a crisp value based on the
center of gravity of the fuzzy set. The total area of the mem-
bership function distribution used to represent the combined
control action was divided into a number of sub-areas. The
area and the center of gravity of each sub-area was calculated
and then the summation of all these sub-areas was taken to
find the defuzzified value for a fuzzy set. The basic principle
in the COGmethod is to find the point s∗ where a vertical line
would slice the aggregate into two equal masses. s∗ was cal-
culated as follows:

s* ¼ ∫x:μC xð Þdx
∫μC xð Þdx ; ð17Þ

where x is the support value of the inferred membership func-
tions and μC(x) shows the maximum value of the inferred
membership functions at a given support value. For example,
consider the variables IM(t), IT, and S(t − p) have the values
0.05, 0.2, and 1.3 at time t. According to the membership
functions of Figs. 1, 2, and 3, these variables would have
low, high, and medium fuzzy values respectively. Therefore,
given the second rule of Table 1, the FLC would increase the
value of the variable S(t). The proposed FLC calculated the
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value of variable S(t) using Eq. (17) as (t) = 1.576 .

Adapting the Proposed Method to Energy
Efficient Clustering for WSN

The WSN clustering protocol used in this paper contained
multiple rounds. Each round consisted of two parts: a setup
phase at the beginning of each round, and a steady state phase
in the continuous round. At the beginning of each round, the
algorithm arranged the clusters and defined the cluster heads.
Then, in the steady state part, the sensors sensed information
from the target area and relayed it to their corresponding clus-
ter heads. Cluster heads then compressed the information and
transmitted it to the base station.

The calculations of the setup part were done by the base
station, which is a node with a high supply battery unit. Nodes
sent their properties and local information such as residual
energy and their position to the base station. This node calcu-
lated the average residual energy of total sensors and specified
cluster head candidates which were nodes and whose remain-
ing energy was greater than average. Then, an optimization

algorithm ran on the predefined cost function to determine
cluster heads among these cluster head candidates. The cost
function was defined as follows [29]:

cost ¼ α� f 1 þ 1−αð Þ � f 2;; ð18Þ

f 1 ¼ maxh¼1;…;H ∑∀ni∈Cp;h
d ni;CHp;h
� �

=jCp;hj
n o

; ð19Þ

f 2 ¼ ∑N
i¼1E nið Þ=∑H

h¼1E CHp;h
� �

: ð20Þ

As demonstrated earlier, this cost function is a combination of
two functions. The first function, f1, minimizes the intra distance
in the clusters while the second one, f2, enhances the total re-
maining energy of the network. In these equations, α can control
the effect of each cost function;H is the number of clusters; d(ni,
CHp, h) indicates the Euclidian distance between node ni and
cluster heads CHp, h, and E(ni) compute the remaining energy
of node i. ∣Cp, h∣ denotes the number of nodes belonging to
cluster Ch in the p

th optimization algorithm agent. The optimiza-
tion algorithm finds the best agent in order to minimize the cost
function. This agent determines cluster heads and organizes clus-
ters in the WSN such that there are compact clusters with high
remaining energy corresponding cluster heads.

The final objective function of the optimization problem
proposed in this paper and based on the above defined cost
function was defined as the following equation:

Objective function ¼ ArgminCHi cost: ð21Þ

The positions of all cluster heads constitute the variables in
this objective function. In this paper, a 2D areawas considered as
the target space; hence, two elements were required to show the
position of each cluster head in the feasible space. Therefore,
each solution for this objective function contained 2H variables,
where H was the number of cluster heads.

In this paper, the improved version of GSA was used to
solve this optimization problem while attempting to find the
best answer for this problem in order tominimize the objective
function. The best solution organized the compact clusters
whose cluster heads had a high remaining energy. In the pro-
posed GSA, each agent was a solution for the objective
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Table 1 Fuzzy rules for the proposed FLC

Rule IM(t) IT S (t-p) S (t)

1 L L L L

2 L L M L

3 L L H M

4 L H L M

5 L H M H

6 If L H H Then H

7 H L L L

8 H L M M

9 H L H H

10 H H L L

11 H H M M

12 H H H H
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function. It contained 2H real values determining the locations
of H cluster heads. Figure 4 reveals the structure of each agent
in the modified GSA version. The fitness value of each agent
was computed using Eq. (18). The variables in the algorithm
were updated with the FLC calculating the selection pressure.
The value of masses was computed using a rank-based meth-
od, where agents moved towards their new location and the
next iteration was executed. Figure 5. demonstrates the flow-
chart of computing and determining cluster heads using the
proposed GSA algorithm.

In this simulation, sensor nodes had fixed and
predetermined locations in the target area. Thus, the variables
in the fitness function (the location of each cluster head) could
not obtain any value. Therefore, the map function was used to
map the value of the real answer to the nearest sensor location
as a feasible solution for the problem.

Figure 5. demonstrates the flowchart of computing and
determining cluster heads using the proposed GSA algorithm.

The base station selected cluster heads and organized
clusters in WSN using the proposed algorithm. It sent
information and cluster head IDs to all nodes in the net-
work and cluster heads organized a time-division multiple
access (TDMA) schedule in order to avoid data collisions.
Further, each sensor node could turn its radio device on
when it communicated with other nodes and turn it off
otherwise. Therefore, TDMA schedule could potentially
reduce energy consumption in each sensor node. The
sensed information was transmitted to the cluster heads.
Cluster heads compressed the received information and
achieved data fusion. Finally, they transferred their
compacted data to the base station.

Simulations and Experimental Results

For any new optimization method, it is essential to vali-
date its performance and compare it with other existing
algorithms over a good set of benchmark and test func-
tions. This large set of test functions should contain a
wide variety of test functions, such as unimodal, multi-
modal, and composition problems.

In this section, first, the performance of the modified GSA
was compared with that of the most commonly used BIAs and
meta-heuristic algorithms. The proposed model was evaluated
on two sets of standard benchmark functions. Then, the

algorithm was used in the WSN clustering method as demon-
strated in “Adapting the Proposed Method to Energy Efficient
Clustering forWSN” section. The performance of this method
was also evaluated and compared to that of other energy effi-
cient clustering protocols for WSNs. After obtaining the ex-
perimental results, the statistical tests were used for further
analysis and to compare the performance of the proposed
method to that of other algorithms. In this paper, Friedman’s
method [36], Friedman aligned ranks test [37], and binomial
sign test [38] which are non-parametric statistical test
methods, were used to analyze the results.

Experimental Results on the CEC Functions

First, the behavior of the proposed algorithm, rank-based
GSA (RB-GSA), was compared to that of some popular
biologically inspired optimization algorithms such as Joint
Approximation Diagonalization of Eigen-matrices
(JADEEP) [39], Global PSO (G-PSO) [40], RGA [41],
standard GSA [13], Distribution-GSA [42], Black-Hole-
GSA [17], and Clustered-GSA [16] on the CEC2013,
the real-parameter single objective optimization bench-
mark which is a common standard benchmark or test
function [43]. This benchmark set consisted of 28 scalable
test functions where the global optimum was shifted to o,
o = (o1,…, oD) (D is the number of dimensions). In this
set, functions F1 − F5 were unimodal; F6-F20 were multi-
modal; and F17 and F18 were double-funnel functions
with a high deceptive structure. Finally, F21 − F28 were
composite functions which combined multiple test prob-
lems into a complex landscape.

All these minimization problems and test functions had the
global optimum, which is equal to zero, in their definition
bounds. The result error values of these algorithms on CEC
2013 standard test functions are presented in Table 3. This
table contains the average of the best answers which were
computed on 51 independent runs after 1e+5 Fitness
Evaluations (FE) with a dimension of 50 (n = 50) via these
algorithms [44]. In this table, the italic numbers indicate the
best solution of mean values for each test function.

In all kinds of GSA algorithms (GSA, D-GSA, BH-
GSA, and C-GSA), all the parameters were set as de-
scribed in [13]. In these algorithms, the total number of
agents, N, was set to 50, and the maximum number of
iterations was set to 2000 (tMax = 2000).

…

Fig. 4 The structure of each agent in the rank-based GSAwhich is used to solve this optimization problem
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The parameters of BH-GSA and CGSA were set as de-
scribed in [16, 17] respectively. Table 2 summarizes the pa-
rameter settings of these optimization approaches.

Table 3 reveals that the proposed algorithm had a good
performance for test functions F1, F8, F12, F13, F16, F19, and

F22. JADEEP found better solutions for functions F1, F2, F4,

F5, F11, F14, F21, and F28. Also, BH-GSA had a good perfor-
mance on functions F3, F7, F8, F9, F10, F15, F24, F25, F26, and
F27. BH-GSA found a good solution for the composition func-
tions. Nevertheless, the results of RB-GSAwere close to those
of BH-GSA for these kinds of test functions. GSA had a better
performance for functions F1, F8, F17, F18, and F23, while D-
GSA and C-GSA had a good performance for functions F8,

F20, F23 and F6, F17, F19 respectively.
In this section, Friedman test was used to compare and to

assign ranking to the performance of different algorithms.
Further, binomial sign test was used for pairwise comparison
between the proposed method and other approaches. These
methods are non-parametric statistical tests and do not make
assumption about the parameters of the population distribu-
tion of the data.

In these methods, the significance level was set to 0.1,
where the null-hypothesis was that the average perfor-
mances of the algorithms are equal while the alternative
hypothesis was that the average performances of the algo-

rithms are not equal. r ji was considered as the rank of the
jth of k methods, on the ith of n benchmark functions such
that the ranking 1 was assigned to the best of them and
the ranking k to the worst. The Friedman test needs the
computation of the average ranks of different approaches,

Rj ¼ 1
n∑ir

j
i . Under the null hypothesis, the Friedman sta-

tistic were calculated with the following equation:

χ2
F ¼ 12n

k k þ 1ð Þ ∑ jR
2
j−

k k þ 1ð Þ2
4

" #
: ð22Þ

This statistic is distributed according to χ2
F with k − 1 de-

grees of freedom, where n and k are big enough. [36, 38].
The STAC platform [45] was used to conduct this sta-

tistical test. Table 4 provides the results of the Friedman
test for the minimization results of Table 3. The average
rank values in Table 4 indicate that the proposed method
claims the first rank has the best performance compared to
other algorithms. The last row of Table 4 shows the statis-
tics and p value of the test. The null-hypothesis was
rejected, and the results show that the RB-GSA
outperformed the state-of-the-art optimization algorithms
by controlling the exploitation and exploration abilities.

Table 5 reports the results of the binomial sign test on the
CEC functions. In this table, each row compares the perfor-
mance of the proposed optimization method with that of other
methods and analyzes the experimental results. According to
the results of Tables 4 and 5, there is a significant difference
between the performances of the proposed algorithm, the best-
ranked method, and other approaches.

Figures 6 and 7 compare the performance of the proposed
method and standard GSA on functions F3 and F24. These

Table 2 Parameter settings of the optimization algorithms

Algorithms Parameters setting

RGA Pc = 0.3, Pm = 0.1

GSO φ0 ¼ π=4; a ¼ round
ffiffiffiffiffiffiffiffiffiffiffi
nþ 1

p� �
; θmax ¼ π=a2;

percentageOfRangers ¼ 20%

MWO α = 1.1, β = 7.5, a = 0.63, b = 1.26, c = 1.05, γ = 0.1

GPSO and PSO ω = 0.9 − 0.4, c1 = c2 = 2

JADEEP 1/c ∈ [5, 20], p ∈ [5%, 20%]

GSA G0 = 100, γ = 20

D-GSA G0 = 100, γ = 20, θ = 100, ρ = 10−16

BH-GSA G0 = 100, γ = 20

C-GSA G0 = 100, γ = 20, ClusterIt = 1510, ClusterStep = 10

RB-GSA G0 = 100, γ = 20

Fig. 5 Adapted proposed algorithm for determining cluster heads in the
setup phase
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figures reveal that the performance of the GSAwas improved
by using a rank-based method for mass calculation and by
using the controller to define the parameters of the algorithm.
In the proposed method, exploitation and exploration abilities
of the algorithm can be controlled using the FLC. Thus, the
RB-GSA can enhance the exploration ability if it is required to

search the feasible area to find a better solution. Further, the
RB-GSA algorithm can control its exploitation power. The
proposed algorithm can also avoid trapping in local optima
by controlling and balancing its abilities.

As these figures illustrate, the rank-based method improves
the performance of GSA. Function F3 is a unimodal function in
which the rank-basedmethod can improve the exploration ability
of the algorithm in order to explore the feasible area for finding

Table 3 Minimization results on CEC test functions

GPO JADEEP GSA D-GSA BH-GSA C-GSA RB-GSA

Fl 5.29E4.03 0.00E+00 0.00E+00 4.50E−01 5.35E−14 1.42E−12 0.00E+00

F2 8.34E+07 5.43E+03 1.79E+06 6.78E+06 1.73E+06 2.09E+06 6.83E+03

F3 9.81E+10 6.19E+06 1.32E+08 4.97E+08 1.39E+05 1.37E+08 4.28E+05

F4 1.58E+04 5.00E+03 1.81E+04 1.70E+04 1.49E+04 1.88E+04 1.72E+04

F5 1.59E+03 0.00E+00 5.61E−05 2.79E+01 7.09E−05 5.97E−05 7.20E−06
F6 4.88E+02 9.09E−01 5.03E+01 6.90E+01 7.09E−05 5.97E-05 6.14E−04
F7 1.63E+02 4.67E+00 1.97E+01 2.86E+01 1.23E+00 1.83E+01 7.81E+00

F8 2.12E+01 2.09E+01 2.04E+01 2.04E+01 2.04E+01 2.10E+01 2.04E+01

F9 4.43E+01 2.69E+01 4.23E+00 4.71E+00 1.63E+00 4.16E+00 2.17E+00

F10 1.45E+03 3.75E−02 1.19E−02 1.38E+00 7.25E−04 6.62E−03 9.66E−04
F11 1.56E+02 0.00E+00 2.55E+01 2.60E+01 5.17E+00 2.60E+01 2.22E+01

F12 3.73E+02 2.06E+01 2.36E+01 2.45E+01 3.51E+01 2.30E+01 1.77E+01

F13 5.87E+02 4.16E+01 4.80E+01 4.47E+01 6.57E+01 4.70E+01 3.95E+01

F14 2.59E+03 4.39E−02 8.62E+02 8.42E+02 3.13E+02 8.82E+02 4.33E+01

F15 7.76E+03 3.20E+03 5.12E+02 4.56E+02 2.93E+02 4.89E+02 3.17E+02

F16 2.09E+00 1.75E+00 1.52E−02 1.14E+00 2.07E−02 1.49E−02 9.01E−03
F17 3.46E+02 3.04E+01 1.30E+01 2.70E+01 1.32E+01 1.30E+01 1.34E+01

F18 3.45E+02 7.31E+01 1.30E+01 3.53E+01 1.38E+01 1.35E+01 1.34E+01

F19 4.36E+04 1.43E+00 1.28E+00 1.63E+00 1.37E+00 1.14E+00 1.14E+00

F20 2.22E+01 1.01E+01 4.26E+00 4.00E+00 4.02E+00 4.70E+00 4.96E+00

F21 9.33E+02 2.98E+02 4.00E+02 4.00E+02 4.00.E+02 4.00E+02 4.00E+02

F22 4.25E+03 1.93E+03 2.02E+03 2.02E+03 4.22E+03 1.98E+03 1.86E+03

F23 1.06E+04 3.25E+03 1.28E+03 1.28E+03 4.63E+03 1.33E+03 1.29E+03

F24 3.37E+02 2.10E+02 2.26E+02 2.27E+02 2.07E+02 2.24E+02 2.21E+02

F25 4.81E+02 2.63E+02 2.13E+02 2.15E+02 2.01E+02 2.15E+02 2.09E+02

F26 4.17E+02 2.09E+02 3.16E+02 2.83E+02 1.42E+02 3.82E+02 3.05E+02

F27 1.68E+03 5.34E+02 4.00E+02 4.01E+02 3.59E+02 4.00E+02 3.96E+02

F28 4.33E+03 3.00E+02 6.52E+02 6.67E+02 3.14E+02 6.38E+02 3.74E+02

Table 4 Results of
Freidman test on the
CEC functions

Algorithms Rank

RB-GSA 2.6428

BH-GSA 2.8035

JADEEP 3.3928

C-GSA 3.7678

GSA 3.9107

D-GSA 4.6250

G-PSO 6.8571

Statistic p value

21.0233 le-5 ≡ rejected

Table 5 Results of binomial sign test on the CEC functions

Methods Statistic p value Hypothesis

RB-GS vs. BH-GSA 18 0.0969 Rejected

RB-GS vs. JADEEP 19 0.0820 Rejected

RB-GS vs. C-GSA 23 le-5 Rejected

RB-GS vs. GSA 21 0.0001 Rejected

RB-GS vs. GSA 22 8e-5 Rejected

RB-GS vs. G-PSO 27 7e-9 Rejected
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better solutions for the problem. On the other hand, function F24
is a multimodal function in which there are many local optima.
The proposed method balances the exploitation and exploration
abilities to avoid being trapped in these local optima.

According to the experimental results, the modified version
of GSA has a good performance for multi-modal functions
which are sophisticated and complicated functions with many
local optima. Rank-based method can control the exploitation
and exploration of the algorithm using a fuzzy logic controller
in order to avoid being trapped in local optima on these func-
tions. Although the proposed method has greater time

complexity against standard GSA, as illustrated in the
“Rank-Based GSA” section, it can find more accurate solu-
tions for complicated problems.

Experimental Results on the Standard Benchmark
Functions

In this section, the performance of rank-based GSA on eight
standard benchmark functions previously introduced and used
in [46] were evaluated. These test functions have been widely
used in the literature to compare the performance of different
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optimization algorithms. The performance of the proposed
method was compared with that of other well-known optimi-
zation algorithms such as RGA [35], PSO [47], group search
optimizer (GSO) [48], mussels wandering optimization
(MWO) [46], and standard GSA algorithm [13].

In this paper, 50 independent runs were executed for each
approach on every test function, with the average of these
simulations being reported in Table 5. The dimension of each
function is set to 30 and the maximum number of iterations is
set to 1000. The experimental results were obtained through a
PC with a 2.6GHz Intel Core i7-6700HQ processor and
16 GB RAM. The operating system was Windows 10 and
all the codes were written and executed in MATLAB.

Table 6 compares the performance of different optimization
methods on the standard test functions defined in [46]. In this
table, the best solution for each function is italic. It can be seen
that the proposed method has the best performance on func-
tions F1, F2, F5, and F8.

Table 7 presents the results of Friedman test for minimi-
zation results of the standard test functions defined in [46].
The average rank values in Table 7 indicate the proposed
method to have the best performance compared to other
algorithms on these test functions. The statistic and the p
value of this test are shown in the last row. The significance
level was set to 0.1 and the null-hypothesis was rejected in
this test. Table 8 shows the results of the pairwise

comparison binomial sign test. In this table, the perfor-
mance of the proposed method is compared with other ap-
proaches. The rows in this table test the hypothesis in which
the significance value was set to 0.1. The results of Table 4
and Table 7 reveal that using a rank-based approach to con-
trol the abilities of the GSA can improve the performance of
the optimization algorithm in many test functions. On the
other hand, the results of Table 8 show that there is a signif-
icant difference between the performance of the proposed
method and other optimization algorithms on these bench-
mark functions. Accordingly, it can be a good choice for
solving optimization problems in real-world applications.

The Results of Clustering Methods

The behavior of the suggested clustering method introduced
and described in the previous section is evaluated and com-
pared with other clustering protocols for WSNs using
MATLAB simulator. One hundred nodes are broadcasted ran-
domly in the 100 m × 100 m target area. The initial energy for
each of these nodes is 0.5 J and the number of clusters, H, is
set to 10. In this paper, two scenarios were considered given
the location of the base station. In the first one, the base station
was located at (50, 175), which was outside of the target area
and far from other sensors. In the second scenario, the base
station was located at (50, 50) which was the center of the
network area. The packet length sent from nodes to their cor-
responding cluster head was 200 bits, while the packet length
of messages sent from cluster heads to the base station was
considered as 6400 bits.

The performance of the proposed protocol, RB-GSA-C,
which employs a rank-based GSA to find the best cluster

Table 6 Minimization results on the standard test functions

RGA PSO GSO MWO GSA RB-
GSA

F1 138.81 0.59 157.11 3.87e-6 4.08e-11 7.36e-l2

F2 4.19e+4 4.54e+5 3.59e+4 142.68 120.20 112.26

F3 1.26e-4 5.20e-3 9.87e-2 1.02e-17 9.66e-4 9.66e-4

F4 64.18 43.62 91.23 17.09 25.50 22.28

F5 2.73 0.18 1.17 2.96e-2 1.19e-2 9.66e-4

F6 11.70 6.48 3.34e-3 6.61e-2 3.16 2.04

F7 8.62 63.71 17.50 2.32e-2 2.18e-2 4.86e-2

F8 0.57 24.18 1.90 1.95e-2 5.62e-4 6.36e-4

Table 7 Results of
Freidman test on the test
functions

Algorithms Rank

RB-GSA 2.0625

MWO 2.2500

GSA 2.3125

RGA 4.6250

GSO 4.7500

PSO 5.0000

Statistic p value

9.5925 le-5 ≡ rejected

Table 8 Results of binomial sign test on the test functions

Methods Statistic p value Hypothesis

RB-GSA vs. MWO 6 0.0703 Rejected

RB-GSA vs. GSA 8 0 Rejected

RB-GSA vs. RGA 8 0 Rejected

RB-GSA vs. GSO 7 0.0078 Rejected

RB-GSA vs. PSO 8 0 Rejected

Table 9 Parameter settings of the clustering algorithms

Algorithms Parameters setting

EECA Rs = 10, Rc = 20

CSA Max annealing temperature = 1000

E-OEERP R ¼ 30m; Sensing range ¼ 36m;
ω ¼ 0:9−0:4½ �; cl ¼ c2 ¼ 2

PSO-C ω = [0.9 − 0.4], cl = c2 = 2, β = 0.5

RB-GSA G0 = 100, γ = 20, α = 0.5
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heads, was compared with that of other popular clustering
protocols for WSNs such as LEACH [25], LEACH-C [26],
energy efficient clustering algorithm (EECA) [49], PSO-
clustering method [29], cluster optimization based on simulat-
ed annealing (CSA) [50], and Enhanced Optimized Energy
Efficient Routing Protocol (E-OEERP) [51]. This simulation
ran until all the remaining energy of the sensors was depleted.
The network model and its parameters described in the “Basic
Concepts” section were used in this simulation. The parame-
ters of GSA algorithm were set similar to [13]. The maximum
annealing temperature in CSAwas set to 1000. The parameter

p in LEACH was set to 0.1, and the parameters of PSO algo-
rithm were set similar to Ref. [52]. Table 9 summarizes the
parameter settings of these clustering algorithms.

Figures 8 and 9 illustrate the simulation results of the first
scenario where the base station was located outside the target
area. Figure 8 compares the lifetime of these clustering algo-
rithms. In this figure, the performance of these protocols was
compared in terms of the number of dead nodes over time in
WSNs. The proposedmethod, RB-GSA-C, outperformed oth-
er clustering methods, and WSNs employing this protocol for
clustering showed a long lifetime.
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Figure 9 compares the performance of clustering protocols
in terms of the number of packets received by the base station.
This figure reveals the effectiveness of the proposed clustering
protocol in delivering more data messages to the base station.

Figures 10 and 11 display the simulation results of
the second scenario where the base station is located
inside the target area. Figure 10 compares the lifetime
of these clustering algorithms. In this figure, the perfor-
mance of these protocols is compared in terms of the
number of dead nodes over time in WSNs. On the other
hand, Fig. 11 compares the performance of clustering

protocols in terms of the number of packets received
by the base station.

When the number of algorithms for comparison is small,
comparability among benchmark functions is desirable. This
can be done with the aligned ranks method [37].

Table 10 presents the results of the Friedman aligned ranks
test on the WSN clustering problem and compares the perfor-
mance of different algorithms on this application problem.
This method is used when the number of samples is less than
algorithms. The rank values aligned in this table indicate that
the proposed clustering method has the best performance
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among the clustering algorithms. The statistic and the p value
of this test are shown in the last row of Table 10. The null-
hypothesis is rejected in this test at a 10% significance level.
The significant performance achievement of this protocol is
due to the application of the modified GSA version. As pre-
sented in the “Rank-Based GSA” and “Adapting the Proposed
Method to Energy Efficient Clustering for WSN” sections,
rank-based selections can control the performance of the op-
timization algorithm. The exploitation and exploration abili-
ties in the modified GSA are controlled by the rank-based
selection scheme and the FLC. Thus, RB-GSA has displayed
a better performance in most optimization problems and the
use of this algorithm has improved the performance of the
energy efficient clustering method for WSNs.

Conclusion

In this paper, a rank-based fitness assignment method was
used to calculate the value of masses in the GSA. This method
was applied to overcome the scaling problems of the propor-
tional fitness assignment. In the proposed algorithm, values of
agent masses were dependent only on relative fitness rather
than on the absolute objective functions. Controlling values of
parameters was an effective solution to improve the optimiza-
tion performance of a meta-heuristic algorithm by automati-
cally setting the parameters to appropriate values during com-
putational processes of the evolutionary search. Further, in this
paper, a FLC was proposed to calculate and compute the pa-
rameter of rank-based method automatically and independent
of the user. The exploitation and exploration abilities of this
algorithm could be controlled by this FLC. The performance
of the proposed optimization method was assessed by simu-
lation and compared against other popular and state-of-the-art
BIAs and optimization methods. The simulation results and
statistical assessment revealed the proposed method to outper-
form the other methods. The difference between the perfor-
mance of the proposed method and that of other approaches
was a significant one. Therefore, it can be said that the

proposed algorithm is an effective method to improve results
while also having simplicity in implementation.

Then, the new version of GSAwas applied to energy effi-
cient clustering protocols for WSNs in order to optimize the
objective function. This objective function defined compact
clusters with more remaining energy nodes as their cluster
heads. The observed experiments and comparisons suggested
that, by using RB-GSA, the proposed approach outperformed
other popular energy efficient clustering methods for WSNs.
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