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Abstract— A large amount of attention has been paid to the
development of Wireless Sensor Networks (WSN) for smart
systems because of its potential applications in many different
fields. WSN is made up of tiny, battery-operated sensor nodes that
are organized separately. The primary factors are the resources
and energy consumption of sensor nodes. In particular,
imbalanced nodes use more energy and have a shorter network
lifespan. Energy efficiency in the selection of WSN cluster heads
is still a difficult job. Clustering is the best technique that has
been found for lowering node energy usage. However, without
taking into account energy attributes, node quantity, or flexibility,
the existing clustering technique was unable to allocate the nodes'
energy needs effectively. Therefore, new optimization strategies
and an enhanced clustering procedure are required.
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l. INTRODUCTION

In recent years, a wide range of application domains,
including military operations, medical care, smart cities,
renewable electric power and energy, with monitoring the
environment, have benefited significantly from the
technological innovation and research carried out on WSNSs.
WSN is made up of BS and many sensor nodes [1, 2]. These
are tiny independent devices with many limitations, including
battery life, low processing power, and short communication
distance [3]. To detect or sense variations in environmental
factors like temperatures, movement, stress, maoisture,
vibration, noise, etc., these nodes are scattered geographically
over a vast region. Nodes are effective enough to speed up data
transfer via wireless networks. One of the fundamental
technologies of substantial WSN, data collecting has attracted
major academic interest [4, 5]. The data is sent to a data sinks
or BS after collection. Sensor nodes are periodically placed in
dangerous locations; and in these situations, replacing the
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batteries is not feasible. The sensor nodes use more energy
since they constantly transmit and receive data. When nodes
consume too much energy, they fail and can no longer be
repaired or recharged with another battery source [6].
Therefore, balancing the nodes energy is the main issue in
WSN [7, 8]. In order to increase the longevity and efficiency of
the network, it is essential to allocate node energy correctly and
optimize node energy consumption. Networking solutions
related to sustainability and efficacy are being explored for
energy concerns through hierarchical clustering algorithms [9,
10]. A familiar cluster-based routing methods like Low Energy
Adaptive Clustering Hierarchy (LEACH) [11], Centralized-
LEACH, and Improved-LEACH significantly aids in
optimizing node energy towards the network longevity [12,
13]. However, such protocols are constrained as they choose an
arbitrary applicant for the CH without taking energy variables
into account, and not succeed to accomplish optimal formation
of clusters and CH. This resulting in exhibiting greater
communication costs, route by a single hop, and consume a
greater amount of energy [14, 15] leading to network lifetime
extension. Also, more optimization algorithms do involve in
this CHS since from its evaluation, however, few existing
optimization techniques struggle to preserve the level of
investigation and extraction of choosing CH since they
concentrate on particular search domains. Hence, proposing
advanced optimization algorithms for optimal clustering is
needed, and accordingly, this paper intends to prepare a new
cluster-based routing model. The main contribution of the
proposed model is given below:

e Proposing a new CIOO algorithm that combines both
osprey optimization algorithm and chimp optimization
algorithm for the CH selection, and also determining an
improved trust evaluation as the constraint for routing.

e The proposed algorithm is subjected for evaluation with
the conventional algorithms to emphasis its
effectiveness.

The remaining part of this research paper is structured as
below. Literature review is shown in Section Il. The proposed
cluster head selection method is illustrated in Section Ill. The
results and discussion are highlighted in Section IV.
Conclusion and future scope of the recommended model is
provided in Section V.
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Il.  LITERATURE REVIEW

The latest advancements in cluster head selection in WSN
are examined in this section. The authors in [16] stated that one
of the most important techniques used to extended the lifespan
of WSNs operated by batteries was clustering routing.
However, the majority of currently used clustering techniques
fail to make use of the node redundancies in WSNSs, resulting
in significant energy waste. The authors in [17] introduced a
technique for cluster head selection in multilevel topological
control that makes use of fuzzy grouping pre-processing and
optimization of particle swarms. The authors in [18] created a
distributed CH selection approach whereby distances among
sensors and a base station were taken into account to ensure
continuous optimization of energy usage among the sensors.
Authors in [19] introduced a brand-new technique termed
clustering-based Cluster-Head Selection Scheme with Power
Control (CHESS-PC) in PSN. Authors in [20] explored the
Dynamic Cluster Head Selection Methods (DCHSM) for WSN
to address the problems of unreasonable cluster leader
selection, which in turn results in imbalanced consumption of
energy and inconsistent coverage in the cluster
communications.

Authors in [21] presented an approach called LEACH to
control the unpredictability that occurs in clustering algorithms.
With this strategy, the cluster head count was stabilized.
Authors in [22] proposed a Hausdorff clustering technique, a
new static kind of cluster approach based on the arrangement
of sensor nodes that also improves network interaction and
effectiveness. Authors in [23] proposed the Cluster Head
Selection by Randomness with Data Recovery (CHSRDR)
approach, which was a new way for WSN to select the cluster
head with recovered data and maintained inside the cluster.
Authors in [24] created a Firefly algorithm for choosing the
cluster head in a manner which was sufficiently near to the
base station as well as the sensor nodes. As a result, the period
of delay was significantly compact, increasing the information
packets' transmission speed. Authors in [25] introduced a
Particle Swarm Optimization (PSO) technique for creating
energy-aware clusters by selecting the best cluster heads. The
PSO has ultimately reduced the expenditure of determining the
perfect place for the CH nodes.

Authors in [26] created a Fuzzy Based Balanced Cost CH
Selection Algorithm (FBECS) that takes into consideration the
remaining energy, distance toward the sink, and population of
the node in the area as inputs to the fuzzy decision-making
method. Authors in [27] introduced Hyper Exponential
Reliability Factor Based Cluster Head Election (HRFCHE), an
integrated prediction technique for energy and trust evaluation
for extending the network’s lifespan. By extending the network
lifetime and decreasing consumption of energy by 28% and
34%, respectively, compared to cluster head selection systems
used as a benchmark, the outcomes of HRFCHE have implied
greater efficiency. Authors in [28] concentrated on the
effective operation of WSN applications, proving that the
energy-efficient operation of the sensors became an important
framework for extending the lifespan of the network. Authors
in [29] implemented a Fuzzy-TOPSIS method in Select CH
effectively and efficiently in order to optimize the WSN
lifetime.
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Even though the literature survey deals with efficient
cluster head selection methods, there is still scope to improve
the overall lifetime of the network and increase the number of
alive nodes. These gaps can be addressed by developing new
multi-constraint-based optimal cluster head selection methods.

[1l.  PROPOSED CHIMP INTEGRATED OSPREY OPTIMIZATION
ALGORITHM FOR OPTIMAL CLUSTER HEAD SELECTION IN WSN

The two main obstacles in wireless sensor networks are
selecting the right cluster head and energy-related constraints.
In order to overcome these obstacles and extend the network's
lifespan, optimized algorithms are crucial. Clustering is the
most critical process for increasing network longevity in
WSNSs. Sensor nodes are organized into clusters, and each
cluster is assigned a CH. The CHs take data from the nodes in
each cluster and forward it to the base station. Choosing the
suitable CH in WSNs is a major challenge. Four criteria“s
energy, delay, distance, and security are used to establish a
novel cluster head selection framework in our proposed model.
The suggested model is summarized as follows:

o |Initially, the clustering procedure groups the sensor
nodes together. The k-means clustering algorithm is
used in our suggested work to perform the clustering
procedure.

o After the cluster™s development, the cluster head is
selected by CIOO algorithm which combines both
osprey optimization algorithm and chimp optimization
algorithm.

e The new CIOO algorithm is executed with four
parameters like energy, distance, delay, risk.

A. Clustering via k-means Clustering

The research community has focused heavily on clustered
to address the energy, scalability and lifetime problems of
WSNs. Clustering algorithms restrict connection to a local area
and utilized forwarding nodes to send the essential data to the
reaming nodes of the network. Generally, the cluster members
do interact with the CH, and the CH collects and combines the
information gathered to save the energy. Here, the cluster
heads can additionally create an additional layer of clusters
between them. The k-means procedure [30], which offers
straightforward, extremely dependable, fast-convergent
repetitions & re-clustering throughout failure conditions, is a
well-liked centralized as well as spread probabilistic partitional
clustering method. The clustering process in the k-means
algorithm is largely dependent on Euclidian distances. The
procedure for k means algorithm is explained in step-by-step
procedure given below.

e Group the nodes into 'k’ clusters, take 'k' centroids and
arrange them initially at random locations.

e Calculate the nearest centroid by calculating the
Euclidian distance among every node as well as the
entire center. Initial clusters are created by this process,
,,k«.

e Recalculating the locations of centroids in every cluster
and any changes to be checked from the prior
calculation.
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e If any changes in the centroid position, then proceed to
Step 2; else the clustering process is complete and
finalized the clusters.

This involves grouping the nodes into 'k’ clusters, and
selecting the CHs for every cluster is by the hybrid
optimization technique like CIOO technique, which is
explained in the subsequent section.

B. Optimal Cluster Head Selection via CIOO Algorithm

After the clustering process, optimal cluster head is selected
depends on the consideration of nodes energy, distance like

inter-cluster and intra cluster distances, delay and Risk factors
by using CIOO algorithm. The calculation of distance, delay
and risk of the clustering nodes are explained as follows. Fig. 1
shows the architecture of CH selection via CIOO algorithm.

A

Base Station

Cluster Head
Sensor node

Fig. 1. CH selection framework by C1OO algorithm.

1) Distance (A): The spacing among nodes in identical and
separate clusters is measured by distance (Acy ). Here, Inter-
cluster distance and intra-cluster distance are the two
forms of distance that are computed. The Euclidean,
Manhattan, and Chebychev distance formulas are utilized for
the calculation of the distance among the cluster's nodes. Let R,
S be the clusters, and their distance of each node in the cluster
be |R| and|S|, respectively. There are two distances determined
by inter-cluster and intra-cluster distances are Average Linkage
Distance and Complete Diameter Distance, respectively.

a) Average Linkage Distance (Inter cluster distance):
Eq. (1) defines the calculation of averaged linkage distance that
is the average distance between all of the nodes in two distinct
clusters, where X represents the node in cluster, R and Y

indicates the nodes in cluster S.
ARR,S) = —er d(xy) (1)

IRIIS| =) es
b) Complete Diameter Distance (Intra cluster distance):
Using Eq. (2), the whole diameter separation is determined as
the spacing between two nodes in the same cluster (CH and
Sensor node) which are located the furthest apart from each
other.

A(R) = max*d(x,y)+ 2
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2) Delay (D ): When there do not exist accessible node for
delaying the data, a delay constraint in a WSN is defined asthe
time interval between the dispersed data of one-time unit and
another. As a result, the delay is more closely related to the
delay of the probabilistic transmitting system. The
mathematical computation of delay, which is the ratio of
distance and speed, is shown in Eq. (3), where D’ denotes the
distance and S’ denotes the speed.

DF
Delay )= 7 3)
(Dcu

3) Risk (f; ): The various elements of security methods
such as risky mode, the y-risky mode and the security mode
[31] that are explained below.

a) Risky mode: This strategy selects a present CH and
accepts all risks to promote an ideal CHS. As a result, choosing
CH is regarded as choosing an aggressive mode.

b) y -risky mode: The setting of the Cluster Head which
can handle the maximum of y-risk level is selected based on
the "y-risky mode." Therefore, a likelihood metrics having a
value between 0 and 1 of 100% that shows the secure and risky
modes is represented by the symbol y.

¢) Security mode: This option supports the CH, which
fulfills with security standards in security mode. The variables
Rsd and Rs™ indicates the security demand and the security
rank pertaining to CH selection. The node is considered to be
CH if Rsd < Rsr. Security constraints is determined as shown
in (4). Additionally, "the risk should be 50% below if the
chosen CH achieves the stated Rs¢ < R. If the condition 0
< Rsd — Rsv < 1 is true, the selecting process would proceed
as planned rather than being delay in 1 < Rsd —

Rsm < 2. The state 2 < Rs¢ — Rsr < 5 continues carrying out
the related function as the CHS process unable to be
completed.

0 if Rsd — Rsr < 0
e if0 < Rsd — Rsr < 1
_ 2 i < Rsd — Rsr <
frisk - ( 3(Rdd—R") (4)
l- — 7 ,ifl<R{—Rv <2

11 Jf2 < Rsd —Rst <§

C. Obijective Function for CH Selection

The objective function for CH selection is calculated
depends on the minimum fitness function of constraints like
nodes energy, Delay, Distance and Risk. In the proposed work,
two objective functions are considered, the first objective
function is based on the consideration of Risk, Distance, Delay
and the second objective function is based on the consideration
of Energy. The fitness and the first objective function
f'pf Risk, Delay and Distance for CH selection is evaluated in
Eg. (5) and Eq. (6), which obtained the minimum value of
Risk, Distance and Delay, where,w; , w; and w3 indicates the
weight of Risk, Distance and Delay respectively. The
summation of the total weight is represented as Yw; = 1. Then
the second objective function f; of cluster head selection under
the consideration of nodes energy is determined as per Eq. (7)
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and Eq. (8). Here, w4 denotes the weight of energy, which
obtain maximum in energy consumption.
Fit= Minimum(w; * fqc + wa * Acy + w3 * Dey)  (5)

obj(f) = Minimum( Fit) (6)
Fit = Minimum(ws * (1 — E)) (7
obj(f) = Minimum( Fit) (8)

Finally, combined the objective function is mathematically
defined in Eq. (9), where, m denotes the parameter in the range
of [0, 1], f; denotes the overall objective function for the CH
selection, fiand f’,are the two objective functions.

F=m*fi+(1-m)*f; 0<m<1 9)
D. Solution Encoding for CH Selection

The Solution given to the CIOO algorithms are nodes. The
lower bound value is fixed as 1 and the upper bound value is n,
where, n denotes the number of sensor nodes. Here, the
population size is allocated as 10. The flowchart in Fig. 2
shows the CIOO algorithm implementation processes.

Start CIOO

!

Input information of the optimization problem.
Constraints, Variable interval, objective function

I

Set the population size JV and total number of iterations T’

|

Create and initializing population of ospreys

I

Compute the initial population of ospreys

| Phase 1: Update fish position FIP, |

!

| Phase 1: Evaluate the selected fish, SF; through the  th osprey at random |

!

| Phase 1: Compute the new updated position of the i C100 X |

!

| Phase 1: Update X, |

1

l
I
I
]
I
I
I
I
|
I
]
I .
. | Phase 2: Compute the new position of the i th CIOO member X, |
l
I
I
I
I
I
I
I
|
I
I
I

!

| Phase 2: Update X, |

!

Yes
EREEIRES

Save the optimum selution found and so far

No

. Yes
i=1
T t=e4 T
No

Print the best candidate solution

l

End CIOO

Fig. 2. Flowchart of CIOO algorithm.
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IV. RESULTS AND DISCUSSION

A. Simulation Procedure

The simulation of the proposed cluster-based routing in
Wireless Sensor Networks (WSN) was conducted using
MATLAB, with the MATLAB version being "Matlab
R2018a."Further, the processor utilized was "Intel(IR)
Core(TM) i5-1035G1 CPU @1.00GHz 1.19 GHZ" and the
system had a total installed RAM size of "20.0GB," with
"19.7GB" of it being usable.

B. Performance Analysis

Additionally, the performance of both the CIOO and
conventional approaches was evaluated across various metrics,
including Distance, Total Packets Transmitted to the Base
Station (BS), Residual Energy, Delay, Alive Nodes, and Risk.
Furthermore, the CIOO method was compared with state-of-
the-art approaches such as DMOSC-MHRS [32] and PSO [33].
Additionally, a comparative analysis was conducted between
the CIOO method and traditional algorithms, including GOA
[34], SMO [35], BOA [36], COA [37], and OOA [38]. The
network setup and energy model were illustrated in Fig. 3.
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Fig. 3. Network setup.

C. Analysis on Delay and Distance

Fig. 4 and Fig. 5 provide an explanation of the delay and
distance evaluation in comparison to PSO [33], DMOSC-
MHRS [32], GOA [34], SMO [35], BOA [36], COA [37], and
OOA [38] for the optimal selection of cluster heads.
Additionally, this analysis is conducted while varying the
number of rounds (500, 1000, 1500, and 2000). The objective
for achieving optimal cluster head selection is to minimize both
delay and distance ratings. Interestingly, at the 1000th round,
the CIOO method exhibited the highest delay and distance
values. However, as the number of rounds increased beyond
1000, there was a noticeable decrease in both delay and
distance rates. Mainly, at the round 2000, the CIOO method
achieved an impressively low delay value of 2134s. In contrast,
traditional schemes recorded notably higher delay values, such
as, PSO [33] =2856s, DMOSC-MHRS [32] =2150s, GOA [34]
=2598s, SMO [35] =2342s, BOA [36] =2831s, COA [37]
=2797s, and OOA [38] =2782s, respectively. In addition, the
distance rate attained by the CIOO scheme is 8.732x104 at the
round 1500, whereas the PSO [33], DMOSC-MHRS [32],
GOA [34], SMO [35], BOA [36], COA [37] and OOA [38]
resulted in greater distance ratings. As a result, the CIOO
method employs a hybrid optimization strategy that combines
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OOA [38] and COA [37] to achieve optimal cluster head
selection in WSN. This method consistently achieves
dependable results by efficiently decreasing both delay and
distance metrics.
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Fig. 4. Delay validation of CIOO with conventional algorithms.

—PS0O |
DMOSC-MHRS ;
[

E
]
Q /
= \
©
[m]
8
0 500 1000 1500 2000

No of Rounds
Fig. 5. Distance validation of CIOO with conventional algorithms.

D. Analysis on Alive Nodes

Fig. 6 presents a comparative analysis of the number of
alive nodes in the CIOO approach versus PSO [33], DMOSC-
MHRS [32], GOA [34], SMO [35], BOA [36], COA [37], and
OOA [38] for cluster-based routing in WSN. In the pursuit of
achieving optimal cluster-based routing in WSN, the primary
goal is to maximize the number of nodes that remain active or
"alive." During the initial round, both the CIOO and
conventional approaches achieved the highest number of alive
nodes. Nevertheless, as subsequent rounds progressed, the
number of surviving nodes declined. Nevertheless, it's worth
noting that the CIOO method consistently outperformed the
conventional approaches by maintaining a higher number of
active nodes. Significantly, the CIOO method achieved the
highest number of active nodes, reaching 42 at round 2000.
This count is notably superior to the numbers achieved by PSO
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[33], DMOSC-MHRS [32], GOA [34], SMO [35], BOA [36],
COA [37], and OOA [38].

100
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90 - DMOSC-MHRS |
—e—GOA
80 SMO
w BOA
g 70 —e—COA
Z':J 60 - —e—0O0A
o ——CI00
T 50
40 -
30
20
0 500 1000 1500 2000

No of Rounds
Fig. 6. Validation of CIOO with conventional algorithms on alive nodes.

E. Analysis on Risk and Total Packets Transmitted to Base
Station

Fig. 7 depicts the assessment of risk associated with the
CIOO method in comparison to PSO [33], DMOSC-MHRS
[32], GOA [34], SMO [35], BOA [36], COA [37], and OOA
[38] for the purpose of optimal cluster head selection. It is
imperative to reduce the risk rate when aiming for the optimal
selection of cluster heads. In this regard, the CIOO approach
consistently demonstrated the lowest level of risk when
compared to the conventional schemes throughout all rounds.
Mainly, round=1000, the CIOO method achieved the lowest
risk level of 0.012, while PSO [33], DMOSC-MHRS [32],
GOA [34], SMO [35], BOA [36], COA [37], and OOA [38]
exhibited higher risk ratings.

0.06
——PS0
| DMOSC-MHRS
0.05 e GOA
SMO
0.04 BOA
—e—COA
5 —e—Q00A
0 L
Z0.03
0.02 / b
0.01 9
0
0 500 1000 1500 2000

No of Rounds
Fig. 7. Risk factor analysis of CIOO with conventional algorithms

The CIOO and conventional strategies is analyzed in terms
of total packets transmitted to BS for cluster-based routing in
WSN. The results of this analysis are presented in Fig. 8.
Furthermore, this analysis is conducted with a network of 100
nodes, aiming to achieve the highest possible number of
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packets transmitted for optimal cluster-based routing.
Primarily, the CIOO transmitted a larger number of packets to
the BS compared to PSO [33], DMOSC-MHRS [32], GOA
[34], SMO [35], BOA [36], COA [37], and OOA [38]. Hence,
the CIOO approach consistently reduced risk ratings while
increasing the overall number of packets sent to the BS when
compared to conventional methods. In conclusion, the CIOO
methodology demonstrates superior performance compared to
previous approaches.

6 2 10*
I Ci100
5| [ coA
— [Ccoa

I oA
A smo
[[Acoa
I DMOSC-MHRS
I rso

I~

N

Total packets transmitted to the BS
- w

o

100
No of Nodes

Fig. 8. Validation of CIOO and conventional schemes on total packets
transmitted to base station.

F. Friedman Test Analysis

The Friedman test assessment on CIOO is compared with
PSO [33], DMOSC-MHRS [32], GOA [34], SMO [35], BOA
[36], COA [37] and OOA [38] for cluster-based routing in
WSN is summarized in Table I. The Friedman test is a
statistical hypothesis test designed for evaluating whether there
exist statistically significant distinctions among various groups
when analyzing correlated, non-parametric data. This test is
commonly employed when dealing with multiple treatments or
conditions, aiming to determine if there are overall differences
in their effects. The procedure entails assigning rankings to the
data within each group and subsequently assessing whether
these rankings display significant variations among the groups.
The presence of such variations indicates significant
differences between the groups. Here, the CIOO attained the
minimal value of 1, whereas the PSO [33] (5.900), DMOSC-
MHRS [32] (3.500), GOA [34] (5.00), SMO [35] (6.500),
BOA [36] (4.500), COA [37] (6.900) and OOA [38] (2.700),
respectively.

TABLE I. ANALYSISON FRIEDMAN TEST
Methods Values
PSO [33] 5.900
DMOSC-MHRS [32] 3.500
GOA [34] 5.000
SMO [35] 6.500
BOA [36] 4.500
COA [37] 6.900
OOA [38] 2.700
ClOO 1
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V. CONCLUSION AND FUTURE SCOPE

This investigation proposes a new optimal cluster head
selection model for WSNs based on multi constraints like delay
distance security and risk. For cluster head selection, a brand
new CIOO (Chimp Integrated Osprey Optimization) method
has been developed. The proposed work could be evaluated
with the conventional methods in terms of delay, distance, the
number of alive nodes, residual energy, risk, total packets
transmitted to the BS. And it is stated that the proposed CIOO
method consistently outperforms against the conventional
methods. These results suggest that CIOO is an effective and
efficient approach for cluster-head selection in WSN,
providing better network performance and energy efficiency
while minimizing delay, distance and risk.

The proposed algorithm is better suited for higher-level
applications where energy efficiency and the number of alive
nodes are of critical concern. It may be possible to create
sophisticated optimization algorithms to solve real-world
problems like healthcare. Node failure detection may be an
interesting security concern in the future.

REFERENCES

[1] Greeshma Arya, Ashish Bagwari and Durg Singh Chauhan,
"Performance Analysis of Deep Learning-Based Routing Protocol for an
Efficient Data Transmission in 5G WSN Communication”, 1EEE
Access, volume 10, 2022, pp:  9340-9356, doi
10.1109/ACCESS.2022.3142082.

[2] Hai-yu Zhang, “An In-depth Analysis of Uneven Clustering Techniques
in Wireless Sensor Networks” International Journal of Advanced
Computer Science and  Applications(lJACSA), 14(3), 2023.
http://dx.doi.org/10.14569/IJACSA.2023.0140381.

[3] K. B. Vikhyath and N. A. Prasad, “Combined Osprey-Chimp
Optimization for Cluster Based Routing in Wireless Sensor Networks:
Improved DeepMaxout for Node Energy Prediction”, Eng. Technol.
Appl. Sci. Res., vol. 13, no. 6, pp. 12314-12319, Dec. 2023,
https://doi.org/10.48084/etasr.6542.

[4] Achyutha Prasad N., Chaitra, H. V., Majula, G., Shabaz, M., Martinez-
Valencia, A.B., Vikhyath, K .B.,Verma, S., & Arias-Gonzales, J. L.
(2023). Delay optimization and energy balancing algorithm for
improving network lifetime in fixed wireless sensor networks. Physical
Communication, 58, 102038, DOI: 10.1016/j.phycom.2023.102038.

[5] Sathyaprakash B. P and Manjunath Kotari, “Dynamic Routing Using
Petal Ant Colony Optimization for Mobile Ad-hoc Networks”
International  Journal of Advanced Computer Science and
Applications(DACSA), 14(10), 2023. http://dx.doi.org/10.14569/
1JACSA.2023.0141084.

[6] Vikhyath K B and Achyutha Prasad N (2023), Optimal Cluster Head
Selection in Wireless Sensor Network via Multi-constraint Basis using
Hybrid Optimization Algorithm: NMJSOA. UEER 11(4), 1087-1096.
DOI: 10.37391/ijeer.110428.

[7] Chunfen HU, Haifei ZHOU and Shiyun LV, “Clustering Based on Gray
Wolf Optimization Algorithm for Internet of Things over Wireless
Nodes” International Journal of Advanced Computer Science and
Applications(IJACSA), 14(6), 2023. http://dx.doi.org/10.14569/
IJACSA.2023.0140637.

[8] Zongshan Wang, Hongwei Ding, Bo Li, Liyong Bao and Zhijun Yang,
"An Energy Efficient Routing Protocol Based on Improved Atrtificial
Bee Colony Algorithm for Wireless Sensor Networks", IEEE Access,
volume: 8, 2020, pp: 133577-133596.

[9] Zeyu Sun, Lili Wei, Chen Xu, Tian Wang, Yalin Nie, Xiaofei Xing and
Jianfeng Lu, "An Energy-Efficient Cross-Layer-Sensing Clustering
Method Based on Intelligent Fog Computing in WSNs", IEEE Access,
volume 7, 2019, PP:144165-144177, doi 10.1109/ACCESS.
2019.2944858.


http://dx.doi.org/10.14569/IJACSA.2023.0140381
http://dx.doi.org/10.14569/
http://dx.doi.org/10.14569/

International Journal of Engineering Sciences Paradigms and Researches [Volume 47, Issue: Special), March 2018]
www.ijesonline.com

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

Vikhyath K B., Brahmanand S H, Wireless sensor networks security
issues and challenges: A survey. International Journal of Engineering &
Technology 7(2.33), 89-94 (2018), DOI: 10.14419/ijet.v7i2.33.13861.

Kale Navnath Dattatraya, K. Raghava Rao, " Hybrid based cluster head
selection for maximizing network lifetime and energy efficiency in
WSN", Journal of King Saud University - Computer and Information
Sciences, Volume 34, Issue 3, March 2022, Pages 716-72Journal of
King Saud University - Computer and Information Sciences, VVolume 34,
Issue 3, March 2022, Pages 716-726, doi
https://doi.org/10.1016/j.jksuci.2019.04.003.

Bandi Rambabu, A. Venugopal Reddy, Sengathir Janakiraman, "Hybrid
Artificial Bee Colony and Monarchy Butterfly Optimization Algorithm
(HABC-MBOA)-based cluster head selection for WSNs", Journal of
King Saud University — Computer and Information Sciences, volume: 34
(2022), pp: 1895-1905, doi : 10.1016/j.jksuci.2019.12.006.

Indra Kumar Shah, Tanmoy Maity, Yogendra Singh Dohare, Devvrat
Tyagi, Deepak Rathore and Dharmendra Singh Yadav, "ICIC: A Dual
Mode Intra-Cluster and Inter-Cluster Energy Minimization Approach for
Multihop WSN", IEEE Access, Volume 10, 2022, pp:70581-70594, doi:
10.1109/ACCESS.2022.3188684.

Mohd Adnan, Liu Yang, Tazeem Ahmad and Yang Tao, "An Unequally
Clustered Multi-Hop Routing Protocol Based on Fuzzy Logic for
Wireless Sensor Networks", IEEE Access, Volume: 9, 2021, pp: 38531-
38545, doi: 10.1109/ACCESS.2021.3063097.

Khalid Haseeb, Naveed Islam Ahmad Almogren and lkram Ud Din,
"Intrusion Prevention Framework for Secure Routing in WSN-Based
Mobile Internet of Things", IEEE Access, Volume: 7, 2019, pp: 185496-
185505.

I. S. Akila and R. Venkatesan, "A Fuzzy Based Energy-aware Clustering
Architecture for Cooperative Communication in WSN," The Computer
Journal, vol. 59, no. 10, pp. 1551-1562, Oct. 2016.

Guangyue Kou and Guoheng Wei, “Hybrid Particle Swarm
Optimization-based Modeling of Wireless Sensor Network Coverage
Optimization” International Journal of Advanced Computer Science and
Applications(JACSA),  14(5), 2023. http://dx.doi.org/10.14569/
IJACSA.2023.01405102.

S. H. Kang and T. Nguyen, "Distance Based Thresholds for Cluster
Head Selection in Wireless Sensor Networks," IEEE Communications
Letters, vol. 16, no. 9, pp. 1396-1399, September 2012.

A. R. Ansari and S. Cho, "CHESS-PC: Cluster-Head Selection Scheme
with Power Control for Public Safety Networks," IEEE Access, vol. 6,
pp. 51640-51646, 2018.

D. Jia, H. Zhu, S. Zou and P. Hu, "Dynamic Cluster Head Selection
Method for Wireless Sensor Network," IEEE Sensors Journal, vol. 16,
no. 8, pp. 2746-2754, Aprill5, 2016.

Payal Khurana Batra, Krishna Kant," LEACH-MAC: a new cluster head
selection algorithm for Wireless Sensor Networks", Wireless Networks,
vol.22, no.1, pp 49-60, January 2016.

Zhu Xiaorong, Shen Lianfeng," Near optimal cluster-head selection for
wireless sensor networks," Journal of Electronics (China), vol.24, no.6,
pp 721-725, November 2007.

Devesh Pratap Singh, R. H. Goudar, Bhasker Pant, Sreenivasa Rao,"
Cluster head selection by randomness with data recovery in WSN", CSI
Transactions on ICT, vol.2, no.2, pp 97-107, June 2014.

107

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[39]

[36]

[37]

[38]

ISSN (Online): 2319-6564

Amit Sarkar, T. Senthil Murugan,” Cluster head selection for energy
efficient and delay-less routing in wireless sensor network", Wireless
Networks, pp 1-18, 15 July 2017.

Buddha Singh, Daya Krishan Lobiyal,” A novel energy-aware cluster
head selection based on particle swarm optimization for wireless sensor
networks", Human-centric Computing and Information Sciences, 2:13,
December 2012.

Pawan Singh Mehra, Mohammad Najmud Doja, Bashir Alam," Fuzzy
based enhanced cluster head selection (FBECS) for WSN", Journal of
King Saud University — Science, Available online 27 April 2018.

A. Amuthan, A. Arulmurugan,” Semi-Markov inspired hybrid trust
prediction scheme for prolonging lifetime through reliable cluster head
selection in WSNs", Journal of King Saud University - Computer and
Information Sciences, Available online 17 July 2018.

Shilpa Mahajan, Jyoteesh Malhotra, Sandeep Sharma," An energy
balanced QoS based cluster head selection strategy for WSN", Egyptian
Informatics Journal, vol.15, no.3, pp.189-199, November 2014.

Bilal Muhammad Khan, Rabia Bilal, Rupert Young," Fuzzy-TOPSIS
based Cluster Head selection in mobile wireless sensor networks",
Journal of Electrical Systems and Information Technology, Available
online, 4 January 2017.

Wei Liu, Peng Zou, Dingguo Jiang, Xiufeng Quan, Huichao Dai,
"Zoning of reservoir water temperature field based on K-means
clustering algorithm", Journal of Hydrology: Regional Studies, Volume
44 (2022), doi: 10.1016/j.ejrh.2022.101239.

Achyut Shankar, Natarajan Jaisankar, Mohammad S. Khan, Rizwan
Patan, Balusamy Balamurugan, "Hybrid model for security-aware
cluster head selection in wireless sensor networks", IET Wireless Sensor
Systems, ISSN 2043-6386, 2018, doi: 10.1049/iet-wss.2018.5008.

Fatma S. Alrayes, Jaber S. Alzahrani, Khalid A. Alissa, Abdullah
Alharbi, Hussain Alshahrani, Mohamed Ahmed Elfaki, Ayman Yafoz,
Abdullah Mohamed and Anwer Mustafa Hilal, "Dwarf Mongoose
Optimization-Based Secure Clustering with Routing Technique in
Internet of Drones", Drones, Vol.6, 2022.

Pushpalatha A, Mahima.R, Kiruthik Ruba K S, Mohanraj E, Rajaram P,
Ramesh S, "Optimized Data Routing using PSO in WSN", International
Journal of Advanced Science and Technology, vol.29, 2020.

Meraihi, Yassine, Asma Benmessaoud Gabis, Seyedali Mirjalili, and
Amar Ramdane-Cherif. "Grasshopper optimization algorithm: theory,
variants, and applications." leee Access 9 (2021): 50001-50024.

Sharma, Harish, Garima Hazrati, and Jagdish Chand Bansal. "Spider
monkey optimization algorithm." Evolutionary and swarm intelligence
algorithms (2019): 43-59.

Arora, Sankalap, and Satvir Singh. "Butterfly optimization algorithm: a
novel approach for global optimization." Soft Computing 23 (2019):
715-734.

M. Khishe, M. R. Mosavi, "Chimp Optimization Algorithm", Expert
Systems with Applications, February 2020, doi:
10.1016/j.eswa.2020.113338.

Mohammad Dehghani and Pavel Trojovsky, "Osprey optimization
algorithm: A new bio-inspired metaheuristic algorithm for solving
engineering  optimization problems”, Frontiers in Mechanical
Engineering, 2023, doi: 10.3389/fmech.2022.1126450.


http://dx.doi.org/10.14569/

