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Abstract: Wireless Sensor Networks (WSNs) can be used for surveillance, smart agriculture, and healthcare. However, WSNs face
several challenges, such as coverage, connectivity, and interference issues that affect network performance. Therefore, a novel
approach called the Multi objective Chaotic Learning based Red Fox Selective Activation algorithm (MOCL - RFSA) is proposed. The
MOCL - RFSA method introduces six objective functions to maintain network performance. The objective function is formulated to
guide the fox towards the areas of interest or target area, ensuring that nodes are activated optimally with maximum coverage,
maximum connectivity, and minimum interference. The fox may leave the herd due to lack of food or be shot down by hunters. This
behaviour is adapted in the proposed MOCL - RFSA algorithm to deactivate the unnecessary nodes (shot down) that cause coverage
overlap in the network. This improved the network lifetime. Moreover, the proposed MOCL - RFSA algorithm introduces opposition
learning and chaotic mechanism to overcome problems like local optima and premature convergence. The performance of MOCL -
RFSA is estimated using simulation experiments, and the outcomes indicate that the proposed MOCL — RFSA outperforms the existing

methods with better network lifetime, residual energy, throughput, coverage, connectivity, and interference ratio.
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1. Introduction

WSNs are a collection of small devices (sensors) that can
interconnect with each other wirelessly to form a network.
These sensors are equipped with various sensing and
processing capabilities, and they can be deployed in
different environments to collect data and perform various
tasks [1 - 3]. However, the major challenges in WSN design
is to maximize coverage, connectivity, and minimize
interference. The key objective of WSN design is to
maximize coverage, which means ensuring that the sensors
can monitor the entire area of interest with sufficient
accuracy and density [4, 5]. This is particularly important in
applications such as healthcare, surveillance, and
environmental monitoring, where accurate data collection is
critical. Maximizing coverage ensures that the sensors can
cover the entire area of interest and collect sufficient data

[6].

Maximizing connectivity ensures that the sensors can
communicate with each other to share information and
cooperate to perform tasks. Achieving connectivity requires
designing the network topology and communication
protocols carefully [7, 8]. Minimizing interference ensures
that the sensors can avoid collisions and maintain a reliable
communication link. Interference can be caused by various
factors, such as channel contention, radio frequency
interference, and overlapping sensor coverage [9, 10]. These
three objectives are interrelated, and achieving them requires
a careful design of the network topology and communication
protocols.

The contributions of the paper are as follows:

e The red fox leaves the herd in case of danger. This
behavior is adapted in the proposed MOCL - RFSA
algorithm to reduce coverage overlap.

e Opposition - based learning and chaotic mechanism is
introduced in the proposed MOCL - RFSA algorithm to
prevent the solution from trapping in local optimum and
prevent premature convergence.

e The interference is minimized and the coverage and
connectivity are maximized by introducing six objective
functions.

e The proposed MOCL - RFSA algorithm is implemented
using NS2 - network simulator and the performance is
compared with the existing techniques.

2. Related Works

Sah and colleagues [11] developed an effective solution
known as the Constrained Relay Harvesting Node Placement
(CRHNP) method. This method relies on effective coverage
responsiveness and facilitates efficient management among
sensors using geometric - based technique. The CRHNP is
applied depending on the selection of relay harvesting nodes
and operates in a sleep/awake manner, whereby only the
necessary nodes are made active. In their study,
Shivalingegowda and Jayasree [12] presented a hybrid
model called Gravitational Search algorithm - social ski -
driver (GSA - SSD) approach for target oriented WSNs. It
aims to optimize both connectivity and coverage. The
performance is enhanced by incorporating the SSD’s
dynamic behaviour. However, the convergence is slow and
the connectivity is poor.
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Priyadarshini and Sivakumar [13] developed a method
called Minimum Connected Dominating Set based Multi -
hop Information (MCDS - MI) algorithm to select a cluster
head (CH). The process has two phases, where Bi - Partite
Graph (BG) is employed to select the dominator in the first
phase. Then a tree cycle technique is utilized to determine
the subsequent CH. However, the energy consumption and
interference are high. In their study, ABOLADE et al. [14]
introduced an enhanced version of Low Energy Adaptive
Clustering Hierarchy (LEACH) method, aimed at enhancing
connectivity and the lifespan of the network. The authors put
forth a new approach that modifies the CH election process
for greater flexibility, taking into account the current energy
levels, instead of relying on a fixed energy requirement.
However, the coverage is poor.

Jebi and Baulkani [15] introduced the multi - objective
randomized Grasshopper Optimization Algorithm based
Selective Activation (MORGOA - SA) algorithm to improve
the network lifetime of the WSN without affecting coverage
and connectivity. Similarly, other nature inspired algorithm
based algorithms such as Genetic Algorithm (GA),
Improved Genetic Algorithm (IGA), Improved Artificial
Bee Colony (IABC), Particle Swarm Optimization (PSO),
Biogeography Based Optimization (BBO), and Gravitational
Search Algorithm (GSA) have been proposed by various
researchers [15, 16] to enhance the network performance.
However, the interference of these methods are high. Jebi
and Baulkani [17] proposed a Multi objective adaptive
Horse herd optimization algorithm selective activation
(MOAHOA - SA) to improve coverage, connectivity, &
minimize interference in the WSN. This method improves
the network lifetime, but the convergence is slow.

3. Proposed Multi objective Learning based
Red Fox Selective Activation (MOCL -
RFSA)

The assumptions are made in the proposed MOCL - RFSA
approach are taken from paper [15]. The proposed MOCL -
RFSA algorithm has six objectives that includes minimizing
the number of nodes that are active (F;), minimizing
coverage overlap (F,), minimizing the interference (Fs),
maximizing connectivity (F4), maximizing the coverage
(Fs), and maximizing the residual energy (Fg). The fitness
Fi, F2, Fa, Fs, & Fg are computed using the equations used
in [15]. Selection of nodes with minimum interference, Fsis
computed using Eqgn. (1).

1 kK K

=2 2P

F3=
k a=lb=a+1 (1)

where K number of locations of the deployed nodes and

¢ab denote the sensing interference which is computed
using Eqgn. (2).

1 dist{(Ng,Ny)<2xRg, Va,¥bl<ab<k

¢ @
ab 1[] otherwise
(2
Where dist (N,, N,) denotes the distance between node N,
and Ny, Rsdenote the sensing range.

The fitness function of the solution is determined by Eqn.

).

Fit= min (W1F1+ W2F2+ W3F3) +max (W4F4+ W5F5+ W6F6)

3)
Where wy, Wy, ..., Wg denotes the weights such that w;+ w,+
W3+ Wy+ Wg +Wg=1.

The Red Fox Optimization (RFO) [18] is adapted in this
paper to selectively activate the nodes in the WSN. The RFO
algorithm incorporates the behaviour of red foxes searching
for food in their territories. This behaviour is represented as
the exploration stage (global search). In the subsequent
phase, the foxes move within the territory to approach their
prey before attacking it, which is represented as the
exploitation stage (local search).

In the proposed MOCL - RFSA algorithm, the fox represents
the sensor nodes in the network, and the food represents the
areas of interest or the target zones that need to be
monitored. The objective function is formulated to guide the
fox towards the areas of interest (food), ensuring that nodes
are activated optimally (maximize coverage, maximize
connectivity, and minimize interference) to maintain
network performance. However, the fox might die due to
lack of food or shot down by hunters. This behaviour is
adapted in the proposed MOCL - RFSA algorithm to
deactivate the unnecessary nodes that cause coverage
overlap in the network. This improves the network lifetime
of the network.

The population of the individuals are moved toward the best
one using Eqn. (4).

(Vj)t = (Vj)t +ﬂ5i9”(7be5t)‘ - (Vj)t @)
The fox’s hunting radius is defined by Eqn. (5).
b Sin(‘//O)
5= Yo
P |f l//o =0 (5)
where P € (0'0'2), Yoe (0’27[), and P € (0,1)

ifl//o;fﬁo
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The reallocation is modelled using Eqgn. (6).

yg°" =bs-cos(y1) + y§°

y1® =bs-sin(yy )+ bs - cos(yy )+ y2!

-2
Ym s =bs- TZl sin(y )+ bs - cos(ym_1 )+ Y2

new

where V12 Wm-1 €(027)
The new fox (solution) are updated or replaced by Eqn. (7).

if 1= 0.45

]’r?mw'r?d;"w'd:faf
5=
hzﬂvfm couple reproduction  if A <0.45 %

Where A€ (0,1). The two best solutions are reproduced
using Eqgn. (8).

(Y)t( rep) _ ; (V)t(l) + (V)t(z)
2 (8)

While the RFO algorithm [18] performs better than other
methods in solving optimization problems, it may still fall
short of achieving the optimal results due to issues such as
getting stuck in local optima, premature convergence, and
lower consistency. To address these challenges, this paper
introduces two enhancements to the method with a jump rate

R;

To expand the exploration capabilities of the algorithm, one
proposed modification is to incorporate the opposition -
based learning (OBL). The OBL posits that every possible
location in the search region has an opposite position. By
generating the opposite position of each solution using Eqgn.
(9), the algorithm can better explore the search region.

(b = L0 L -],

g\l | ((v)) ]
where ((y) )"((y) I)pp €% . The second alteration

focuses on incorporating chaotic learning to improve the
quality of the optimal solution over the course of iterations.
The existing approach has a limitation where the best
individual may be stuck in a local optimum, leading to
premature convergence. To overcome this issue, chaotic
sequence is introduced to improve the quality of the
solution. Specifically, the logistic map in Egn. (10) and Eqn.
(11) are used to introduce chaos.

any1 =4y (1— an)

Tn+1 = 471n (1_ n )

(10)
(11)

y3eW — bssin(y )+ bs - sin(y )+ bs - cos(i3 )+ y3

Yy =bs-sin(yy )+ bs-sin(y ) +---+bs - sin(yy_1)

act

+ ym—l (6)

where " signifies the iteration count a,,7,e(0,1). The
search process continues until the minimum nodes are
activated without affecting coverage, connectivity, and
interference or when the termination condition is met. The
flowchart of the MOCL — RFSA method is depicted in Fig.1.

| Initiglize the parsmetars |

;

| Generae the populstion of the fox |

!

| Determine the fitness veing Eqn. (3) |

Yz

Fetun the best sohstion

=

Perform reslincation veing Eqn. (4)

| Compue the hmting rativs ving Eqn. (5) ]

| Tipdats the location using Eqn. (7) |

| Esmgploy OEL using Eqn. (%)

!

Employ chaotic medhanismusing Eqn.
{10) and Eqn. {11)

|
—| Di=termines the fitness |-1—

Figure 1: Flowchart of the proposed MOCL - RFSA

4. Simulation Results and Analysis

The proposed MOCL - RFSA method is implemented using

the NS - 2 network simulatorin 300 X300m2 area. The
other parameter setup is similar to the setup used in [15].
Fig.2 and Fig.3provides the selective activation results of the
proposed MOCL - RFSA based activation under two
different scenarios.
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Figure 3: Scenario 2 (a) Random Node deployment in 15*15 grid (b) Proposed MOCL - RFSA based activation

Fig.4 and Fig.5 gives the activation analysis by varying the
target points and sensors, respectively. The outcomes
demonstrate that the proposed MOCL - RFSA (for scenario
1) has activated minimum sensors of 14 nodes than GA,
IGA, IABC, PSO, GSA, BBO, MORGOA - SA, and

R

MOAHOA - SA methods. This is due to the selection of the
fittest solution by the proposed MOCL - RFSAalgorithm
that considers the minimum activation of nodes as one of the
objective functions.
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Figure 4: Activation analysis by varying targets (a) scenario 1 (b) scenario 2
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Figure 7: Connectivity (a) scenario 1 (b) scenario 2

Also, from Fig.8, it can be seen that the residual energy of the network drops to a minimum only after 14, 000 rounds. Since
the proposed MOCL - RFSA algorithm activates the nodes that has higher residual energy, lifetime of the network is
improved than GA, IGA, IABC, PSO, GSA, BBO, MORGOA - SA, and MOAHOA - SA methods.

Volume 12 Issue 3, March 2023

WWW.ijsr.net
Licensed Under Creative Commons Attribution CC BY

Paper ID: SR23327231350 DOI: 10.21275/SR23327231350 1721



International Journal of Science and Research (1JSR)
ISSN: 2319-7064
SJIF (2022): 7.942

Residual energy of WSN (%)
8

0 2000 4000

6000

p— . A BBO

—— IGA MORGOA-SA
PSO —— MOAHOA-SA

- ABC  —— MOCL-RFSA

GSA

8000 12000
Round

10000 14000
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Fig.9 gives the throughput results. The analysis show that
the throughput of the proposed MOCL - RFSA is higher
(200 kbps) than the existing techniques like GSA (151
kbps), IABC (114 kbps), PSO (95 kbps), GA (68 kbps), IGA
(78 kbps), MORGOA - SA (181 kbps), MOAHOA - SA
(195 kbps), and BBO (160 kbps). The throughput is high for
MOCL - RFSA because the connectivity is improved by the
fitness evaluation. Moreover, from Fig.10, it can be noted

2407
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that the introduction of opposition learning and chaotic
mechanism in the proposed MOCL - RFSA algorithm
increases the convergence speed compared to the existing
algorithms. The interference ratio of the MOCL -
RFSAtechnique is also reduced to 0.37 % which can be
observed from Fig.11. This is due to the activation of nodes
with minimum interference (F3) by the proposed MOCL -
RFSA algorithm.
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The proposed MOCL — RFSA method is also tested under
various conditions in Fig.12. The results show improved
results compared to the existing techniques like GSA, 1ABC,
PSO, GA, IGA, MORGOA - SA, MOAHOA - SA, and
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Figure 12: Performance analysis under various conditions (a) throughput, (b) Network lifetime and (c) coverage overlap

5. Conclusion

In conclusion, the MOCL - RFSA method has been
proposed to minimize the activation of sensors. It also
addresses the local optima and premature convergence
issues that can arise in traditional RFO algorithm. This has
been achieved through the introduction of opposition
learning and chaotic mechanisms. Additionally, the method
introduces six objective functions, which improve coverage,
connectivity, and minimize interference, leading to
improved performance. The performance analysis of the
MOCL - RFSA method demonstrated that it outperformed
existing techniques in terms of network lifetime, residual
energy, throughput, coverage, connectivity, and interference
ratio. Overall, the MOCL - RFSA method presents a
promising direction for future research in WSN for a range
of applications, including smart cities and environmental
monitoring. However, the security can be improved in future
works.
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