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Abstract—In recent years, the Internet of Things (IoT) has 
made rapid progress in various applications such as 
battlefield management, agriculture, health care 
monitoring, and so on, due to its self-organizing nature and 
flexibility. The IoT nodes are deployed in the target area for 
the purpose of sensing. However, the IoT nodes are 
operated on tiny batteries, and it is impossible to replace or 
recharge the nodes in critical environments like 
underground coal mines. Therefore, the preservation of 
energy and maximization of the network lifetime of the IoT 
nodes became major research topics for researchers. 
Clustering the IoT nodes has proved to be a prominent way 
of preserving energy and maximizing the network’s 
lifetime. Since clustering IoT nodes is an NP-hard 
optimization problem, we clustered IoT nodes using a 
nature-inspired optimization technique. Therefore, in this 
paper, we present an energy-efficient clustering algorithm 
using the Frilled-Lizard optimization technique for 
preserving energy and improving the network lifetime of 
the IoT nodes. The proposed algorithm has been tested with 
various network scenarios, and the simulation results 
revealed that the proposed algorithm shows superior 
performance in terms of network lifetime, residual energy, 
and number of alive nodes compared to existing algorithms. 
The results demonstrate that the proposed method extends 
network lifetime, the number of alive nodes, and energy 
efficiency by 39.6% over existing algorithms, highlighting 
its effectiveness in enhancing overall network performance. 
 
Keywords—Internet of Things (IoT), frilled-lizard 
optimization, cluster-head selection, meta-heuristic 
algorithm, network maximization 
 

I. INTRODUCTION 

Internet of Things has rapidly progressed due to 
advancements in several technologies, such as Wireless 
Sensor Networks (WSNs) [1], more advanced embedded 
systems [2], machine learning [3], and so on. There are 
numerous applications of IoT networks, such as medical 
and health care monitoring [4], environmental 
monitoring [5], forest fire detection [6], agriculture, and 

so on. 
The IoT nodes are meant for sensing local parameters 

such as oxygen, CO2, humidity, etc. from the 
surrounding environment. However, these nodes operate 
on tiny batteries. The IoT nodes generate a huge amount 
of data by sensing the target area continuously, so that 
the energy of the nodes discharges very quickly. 
Furthermore, it is very hard to charge or upgrade a new 
battery of nodes in hazardous situations such as 
underground coal mines. For this reason, preserving the 
energy of the IoT nodes became a major research topic 
for the researchers in the development of the IoT 
network. Clustering IoT nodes is one of the best methods 
for preserving their energy [7]. In clustering, all the IoT 
nodes in the network are divided into various groups 
called clusters. In every cluster, there is a head referred 
to as the Cluster Head (CH). Initially, all the IoT nodes 
gather the local information from the sensing field and 
then transmit it to the respective CH. The CHs then 
aggregate the received data and transmit it to the Base 
Station (BS). The CH node removes the redundant data 
in the aggregation process to preserve the energy of the 
nodes. Therefore, clustering can significantly improve 
the lifetime of the IoT network. 

Since clustering IoT nodes is an NP-hard optimization 
problem, we clustered IoT nodes using a meta-heuristic 
optimization technique. Therefore, in this paper, we 
present a meta-heuristic algorithm, i.e., the Frilled Lizard 
Optimization algorithm, for clustering the IoT nodes, 
preserving the energy of the nodes, and maximizing the 
lifetime of the IoT network. However, the major 
contributions of our paper are as follows: 

• Frilled-lizard optimization algorithm for selecting 
the optimal number of cluster heads among the 
nodes. 

• Derivation of fitness functions for 
energy-efficient cluster head selection. 

• Formation of clusters using intra-cluster distance. 
• Simulation of the proposed algorithm to 

demonstrate the superior performance over 
existing algorithms. 

Frilled Lizard Optimization Algorithm (FLOA) is a 
meta-heuristic optimization algorithm inspired by the 
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social behavior of the Frilled Lizard [8], which is also 
termed the Frilled Dragon. It is a lizard species belonging 
to the Agamidae family. In FLOA, a frilled lizard is a 
fundamental agent that generates optimal solutions to a 
given optimization problem. A frilled lizard is around 
0.6 kg in weight, has a length of 90 cm, and a head-body 
length of 27 cm. The frilled lizard generally eats insects, 
rodents, and spiders through hunting. Frilled lizards have 
superior vision and can identify long-distance prey 
easily. It is primarily arboreal, spending much of its time 
in trees, and is an adept climber. When a frilled lizard 
spots prey, it runs quickly on two legs and attacks it to 
catch and feed. After eating, the frilled lizard climbs a 
tree. The frilled lizard’s natural behavior focuses on 
sit-and-wait hunting and retreating to the top of trees 
after feeding. They are also known for their unique 
bipedal locomotion, running on their hind legs when 
startled or fleeing from danger. The design of a new 
optimization algorithm is inspired by the hunting and 
eating behavior of the frilled lizard. Hence, the 
mathematical modeling of these lizard behaviors is 
utilized in the design of the proposed FLOA approach, 
which will be discussed later. The following Fig. 1 
shows the information regarding communication between 
IoT nodes and base station using clusters. 

 

 
Fig. 1. Communication between IoT nodes and the base station using 

clusters. 

The remaining paper is presented as follows: The 
Section II explains the Related works, the system models 
are explained in Section III followed by proposed work 
in Section IV. Then, the Simulation results are explained 
in Section V. Finally, the paper concludes in Section VI. 

II. RELATED WORKS 

In recent years, many heuristic and meta-heuristic 
algorithms have been introduced for enhancing IoT 
networks. 

Garg et al. [9] developed a cluster head selection for 
energy efficiency in WSNs by combining K-means 
clustering with an Ant Lion Optimization-based 
approach that considers crucial energy-related 
parameters. Sharma et al. [10] proposed a hybrid routing 
algorithm by combining a meta-heuristic approach that 
offers a significant enhancement in data routing in 
heterogeneous sensor networks. This approach leads to a 
more efficient WSN, maximizing network lifetime, 

cluster stability, and energy utilization while optimizing 
data routing. Heidari et al. [11] introduced a new 
approach for creating clusters and for selecting the 
optimal number of cluster heads within the clusters using 
the whale optimization technique. The cluster head 
selection process considers various parameters for energy 
efficiency. Sadrishojaei et al. [12] developed a new 
technique for clustering and routing protocols in 
large-scale IoT networks. By selecting energy-efficient 
cluster heads and balancing load, the proposed protocol 
might significantly extend the overall lifespan of the IoT 
network. 

A clustering technique inspired by the honeybee 
algorithm is presented in [13]. It chooses the best cluster 
by considering its number of neighbors, the distance 
between each device and its nearest neighbors, the 
distance between devices and the sink, and the remaining 
energy. Barnwal et al. [14] introduced 
MHCRT-EEWSN, a novel technique that leverages 
meta-heuristic optimization algorithms for 
energy-efficient WSNs in IoT applications. By 
employing Whale Moth Flame Optimization (WMFO) 
for clustering and Improved African Buffalo 
Optimization (IABO) for routing, MHCRT-EEWSN 
addresses critical challenges like energy consumption 
and load balancing. Yadav et al. [15] presented a novel 
energy-aware framework for cluster head selection in 
WSNs using hierarchical routing. The proposed approach 
incorporates a hybrid optimization algorithm, 
PDU-SLnO, which merges Sea Lion (SLnO) and Particle 
Swarm Optimization (PSO) for CH selection. 
Abraham et al. [16] introduced a promising direction for 
energy-efficient CH selection in WSNs. By combining 
FSA for optimal CH election, scalable ensemble 
techniques for large-scale networks, and Q-learning for 
efficient path selection, FSA-CHS has the potential to 
significantly improve network performance, lifetime, and 
overall efficiency. Somula et al. [17] proposed 
SWARAM, an Osprey Optimization-inspired approach 
for energy-efficient CH selection. SWARAM forms 
clusters and utilizes the algorithm to pick CHs with high 
residual energy, promoting longer network life (10% 
improvement) and better data delivery (10% increase). 

Jannu et al. [18] proposed a quantum-inspired ACO 
algorithm for energy-efficient clustering in IoT-based 
WSNs. The algorithm prioritizes CHs with high residual 
energy, minimizing intra-cluster and base station 
distances. Simulations show this approach significantly 
extends network lifetime compared to existing methods. 
Sahoo et al. [19] address the challenge of extending 
network lifetime in WSNs by proposing NCOGA, a 
novel approach for cluster head selection. This method 
leverages a Genetic Algorithm (GA) with adaptive 
crossover and binary tournament selection to optimize 
CH selection in heterogeneous WSNs. This approach 
aims to improve energy efficiency and significantly 
prolong the overall network lifespan. 
Samiayya et al. [20] presented Hybrid Snake Whale 
Optimization (HSWO), a promising direction for CH 
selection and network optimization in WSNs. By 
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combining HSWO for optimal CH selection, 
comprehensive modeling, and efficient path selection, 
HSWO has the potential to significantly improve 
network performance, reliability, and overall lifetime. 
Saadallah et al. [21] addressed the critical problem of 
limited battery power of sensor nodes in wireless 
networks. They aimed to maximize the network lifespan 
and energy efficiency of WSNs. They implemented the 
LEACH-GA, an extension of the LEACH protocol, by 
integrating a genetic algorithm for cluster head selection 
for various industrial environments. Srivastava and 
Mishra [22] introduced Fuzzy-based Multi-Attributes 
Un-Equal Clustering (F-MAUC) to tackle hot-spot and 
energy consumption challenges in WSNs. F-MAUC 
achieved a remarkable 37% boost in network 
performance compared to the existing methods. They 
refined optimized cluster head selection for enhancing 
network stability and energy efficiency. 

III. SYSTEM MODELS 

A. Network Models 
The IoT network scenario in this paper has the 

following properties: Initially, all the IoT nodes were 
randomly deployed throughout the target area, ensuring 
total coverage. All the nodes are static in nature after 
their deployment. All the nodes gather the local 
parameters from their sensing field and transmit that data 
to the respective Cluster Heads (CHs). Then, the CH 
nodes aggregate the data received from the IoT nodes 
and transmit it to the Base Station (BS). All the nodes are 
homogeneous and have equal sensing and 
communication ranges. 

B. Energy Models 
The energy model utilized in this paper is similar to 

the model used in [23]. Assuming that the energy needed 
for transmitting k-bits of data over the distance d then the 
energy consumption for transmission of data is  

 𝐸𝐸𝑇𝑇𝑇𝑇(𝑘𝑘,𝑑𝑑) = 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 × 𝑘𝑘 + 𝑒𝑒𝑎𝑎𝑎𝑎𝑎𝑎 × 𝑘𝑘 × 𝑑𝑑2 (1) 

for receiving data, the amount of energy  

 𝐸𝐸𝑅𝑅𝑅𝑅(𝑘𝑘) = 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 × 𝑘𝑘 (2) 
where, 
 𝐸𝐸𝑇𝑇𝑇𝑇 is the energy consumption for transmission 

of data. 
 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 is the energy required by the circuit. 
 𝑒𝑒𝑎𝑎𝑎𝑎𝑎𝑎 is the energy required by the amplifier. 
 𝐸𝐸𝑅𝑅𝑅𝑅 is the receiving energy. 
 𝑑𝑑 is the distance between node and Cluster head. 

IV. PROPOSED ALGORITHM 

A. FLOA Based Cluster Head Selection 
Initialization: The suggested FLO technique is a 

meta-heuristic algorithm with frilled lizards as its 
members. FLO effectively finds optimal solutions for 

optimization problems by utilizing its member’s 
problem-solving knowledge. Accordingly, every frilled 
lizard is a feasible solution to the problem that can be 
represented mathematically using a vector. In general,all 
frilled lizards come togetrher to form a frilled lizard 
population ,which can be represented as a matrix using 
Eq. (3). 

 𝐹𝐹 =

⎣
⎢
⎢
⎢
⎡
𝐹𝐹1
⋮
𝐹𝐹𝑖𝑖
⋮
𝐹𝐹𝑛𝑛⎦
⎥
⎥
⎥
⎤

=

⎣
⎢
⎢
⎢
⎢
⎡
𝐹𝐹1,1 ⋯ 𝐹𝐹1,𝑗𝑗 ⋯ 𝐹𝐹1,𝑚𝑚

⋮ ⋮ ⋮
𝐹𝐹𝑖𝑖,1 ⋯ 𝐹𝐹𝑖𝑖,𝑗𝑗 ⋯ 𝐹𝐹𝑖𝑖,𝑚𝑚
⋮ ⋮ ⋮
𝐹𝐹𝑛𝑛,1 ⋯ 𝐹𝐹𝑛𝑛,𝑗𝑗 ⋯ 𝐹𝐹𝑛𝑛,𝑚𝑚⎦

⎥
⎥
⎥
⎥
⎤

𝑛𝑛×𝑚𝑚

 (3) 

The initial locations of frilled-lizards in the population 
is initialized randomly using Eq. (4).  

 𝐹𝐹𝑖𝑖,𝑗𝑗 = 𝑙𝑙𝑗𝑗 + 𝑟𝑟 × �𝑢𝑢𝑗𝑗 − 𝑙𝑙𝑗𝑗� (4) 

where, 
 𝐹𝐹 represents the population matrix of FLO. 
 𝐹𝐹𝑖𝑖 represents the 𝑖𝑖𝑡𝑡ℎ frilled lizard. 
 𝐹𝐹𝑖𝑖,𝑗𝑗  denotes the 𝑗𝑗𝑡𝑡ℎ  dimension in the search 

space. 
 𝑛𝑛 is the number offrilled lizards. 
 𝑚𝑚 is the number of decision variables. 
 𝑟𝑟 is a random number from the interval [0,1]. 
 𝑙𝑙𝑗𝑗 and 𝑢𝑢𝑗𝑗 are the lower and upper bounds. 

Each frilled lizard represents a potential solution to the 
problem, and the objective function value can be 
calculated for each frilled lizard. The determined values 
corresponding to the objective function of the problem 
can be represented as a vector using Eq. (5): 

 𝑂𝑂 =

⎣
⎢
⎢
⎢
⎢
⎡
𝑂𝑂1
⋮
𝑂𝑂𝑖𝑖
⋮
𝑂𝑂𝑛𝑛
⎦
⎥
⎥
⎥
⎥
⎤

𝑛𝑛×1

=

⎣
⎢
⎢
⎢
⎢
⎡𝑂𝑂

(𝐹𝐹1)
⋮
𝑂𝑂(𝐹𝐹𝑖𝑖)
⋮
𝑂𝑂(𝐹𝐹𝑛𝑛)

⎦
⎥
⎥
⎥
⎥
⎤

𝑛𝑛×1

 (5) 

where 𝑂𝑂  denotes the set of values of the objective 
function and 𝑂𝑂𝑖𝑖  represents the evaluated objective 
function of the 𝑖𝑖𝑡𝑡ℎ frilled lizard. The objective function 
values are appropriate for determining the quality of the 
population.In general, the best value evaluated for the 
objective function represents the best candidate solution 
(best frilled lizard) and the worst value for the objective 
function is considered the worst candidate solution 
(worst frilled lizard). Since in every iteration of the FLO 
algorithm, the position of the best frilled lizard is 
updated, at the end of the algorithm, the best candidate 
solution during all the iterations is considered the optimal 
solution to the problem. 

B. Mathematical Modeling of FLO 
In the design of the FLO algorithm, the frilled lizard’s 

location in the problem-solving space are updated in two 
phases: 

1) Phase 1: Exploration 
The frilled lizard’s natural hunting technique is one of 

its most distinguishing characteristics. The frilled lizard 
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is a prey hunter that uses sit-and-wait technique for 
attacking the prey. The algorithm incorporates frilled 
lizard movement for hunting prey, resulting in substantial 
changes in the locations of population members in the 
search space. This increases its exploration power and 
helps find the optimal solution. In the initial phase of 
FLOA, in the search space, the location of population 
members is updated using the frilled lizard hunting 
technique. In the FLO algorithm design, for every lizard, 
the best objective function of the frilled lizard’s location 
is considered as prey location. For every frilled lizard, 
the set of prey locations is determined by using the below 
equation: 

 𝐹𝐹𝑃𝑃𝑖𝑖 = {𝐹𝐹𝑘𝑘|𝑘𝑘 ∈ {1,2, … ,𝑁𝑁} ∩ 𝑂𝑂𝑘𝑘 < 𝑂𝑂𝑖𝑖} ∪ {𝐹𝐹𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏} (6) 

where, 𝐹𝐹𝑃𝑃𝑖𝑖  is the set of prey locations for 𝑖𝑖𝑡𝑡ℎ lizard, 
𝐹𝐹𝑘𝑘  is the population individual with best objective 
function, 𝑂𝑂𝑘𝑘 and 𝑂𝑂𝑖𝑖  are the objective functions of 𝑖𝑖𝑡𝑡ℎ 
and 𝑘𝑘𝑡𝑡ℎ lizard. 

In this algorithm, the frilled lizard choose one of the 
preys randomly and initiates an attack. An updated 
location for each frilled lizard in the search space 
because of the movement of frilled lizard towards the 
selected prey and that can be calculated using Eq. (7):  

 𝐹𝐹𝑖𝑖,𝑗𝑗
𝑝𝑝𝑝𝑝𝑠𝑠1 = 𝐹𝐹𝑖𝑖,𝑗𝑗 + 𝑟𝑟𝑖𝑖,𝑗𝑗 . �𝑋𝑋𝐹𝐹𝑖𝑖,𝑗𝑗 − 𝐼𝐼𝑖𝑖 ,𝑗𝑗.𝐹𝐹𝑖𝑖,𝑗𝑗� (7) 

 𝐹𝐹𝑖𝑖,𝑗𝑗
𝑝𝑝𝑝𝑝𝑠𝑠1 = �

𝐹𝐹𝑝𝑝𝑝𝑝𝑠𝑠1𝑖𝑖, 𝑗𝑗, 𝑙𝑙𝑗𝑗 ≤  𝐹𝐹P1𝑖𝑖, 𝑗𝑗 ≤ 𝑢𝑢𝑗𝑗;
𝑙𝑙𝑗𝑗,   𝐹𝐹𝑖𝑖,𝑗𝑗

𝑝𝑝𝑝𝑝𝑝𝑝1 < 𝑙𝑙𝑗𝑗; 𝑢𝑢𝑗𝑗,   𝐹𝐹𝑖𝑖,𝑗𝑗
𝑝𝑝𝑝𝑝𝑝𝑝1>𝑢𝑢𝑗𝑗;

 (8) 

 𝐹𝐹𝑖𝑖1 = �
𝐹𝐹𝑖𝑖
𝑝𝑝𝑝𝑝𝑠𝑠1 ,𝑂𝑂𝑖𝑖

𝑝𝑝𝑝𝑝𝑠𝑠1 < 𝑂𝑂𝑖𝑖 ;
𝐹𝐹𝑖𝑖,𝑂𝑂𝑖𝑖

𝑝𝑝𝑝𝑝𝑠𝑠1 ≥ 𝑂𝑂𝑖𝑖;
 (9) 

where, 
 𝐹𝐹𝑖𝑖

𝑝𝑝𝑝𝑝𝑠𝑠1 is the updated position of 𝑖𝑖𝑡𝑡ℎ lizard ate 
phase 1. 

 𝐹𝐹𝑝𝑝𝑝𝑝𝑠𝑠1𝑖𝑖, 𝑗𝑗 denotes its 𝑗𝑗𝑡𝑡ℎ dimension. 
 𝑂𝑂𝑖𝑖

𝑝𝑝𝑝𝑝𝑠𝑠1  is the fitness value. 
 𝐼𝐼𝑖𝑖,𝑗𝑗 is a arbitrary integer from {0,1}. 

2) Phase 2: Exploitation 
The frilled lizard returns to the limbs of the tree close 

to its prior location after eating. Evaluating the lizard’s 
movement to the limbs of a tree leads to little change in 
the location of population members in the search space of 
the problem, which results in enhancing the exploitation 
power of the algorithm. In the design of the second stage 
of the FLO approach, the location of each lizard in the 
search space is updated using the strategy of the lizard 
when it climbs to the top of a tree after eating prey. The 
new updated location of each population member is 
evaluated using Eq. (10): 

 𝐹𝐹𝑖𝑖,𝑗𝑗
𝑝𝑝𝑝𝑝𝑠𝑠2 = 𝐹𝐹𝑖𝑖,𝑗𝑗 +

𝑙𝑙𝑗𝑗+𝑟𝑟𝑖𝑖,𝑗𝑗.�𝑢𝑢𝑗𝑗−𝑙𝑙𝑗𝑗�

𝑡𝑡
  (10) 

𝑖𝑖 = 1 𝑡𝑡𝑡𝑡𝑡𝑡; 𝑗𝑗 =  1 𝑡𝑡𝑡𝑡 𝑚𝑚; 𝑡𝑡 = 1 𝑡𝑡𝑡𝑡 𝑇𝑇; 

 𝐹𝐹𝑖𝑖,𝑗𝑗
𝑝𝑝𝑝𝑝𝑠𝑠2 = �

𝐹𝐹𝑖𝑖,𝑗𝑗
𝑝𝑝𝑝𝑝𝑝𝑝2 , 𝑙𝑙𝑗𝑗 ≤ 𝐹𝐹𝑖𝑖,𝑗𝑗

𝑝𝑝𝑝𝑝𝑝𝑝2  ≤ 𝑢𝑢𝑗𝑗;
𝑙𝑙𝑗𝑗,𝐹𝐹𝑖𝑖,𝑗𝑗

𝑝𝑝𝑝𝑝𝑝𝑝2 < 𝑙𝑙𝑗𝑗;    𝑢𝑢𝑗𝑗,𝐹𝐹𝑖𝑖,𝑗𝑗
𝑝𝑝𝑝𝑝𝑝𝑝2 > 𝑢𝑢𝑗𝑗;   

 (11) 

 𝐹𝐹𝑖𝑖2 = �
𝐹𝐹𝑖𝑖
𝑝𝑝𝑝𝑝𝑠𝑠2 ,𝑂𝑂𝑖𝑖

𝑝𝑝𝑝𝑝𝑠𝑠2 < 𝑂𝑂𝑖𝑖 ;
𝐹𝐹𝑖𝑖 ,𝑂𝑂𝑖𝑖

𝑝𝑝𝑝𝑝𝑠𝑠2 ≥ 𝑂𝑂𝑖𝑖 ;
 (12) 

where, 
• 𝐹𝐹𝑖𝑖

𝑝𝑝𝑝𝑝𝑠𝑠2  represents the new updated location of 
𝑖𝑖𝑡𝑡ℎ lizard at phase two of algorithm, 

• 𝐹𝐹𝑖𝑖,𝑗𝑗
𝑝𝑝𝑝𝑝𝑠𝑠2 is its 𝑗𝑗𝑡𝑡ℎ dimension. 

• 𝑂𝑂𝑖𝑖
𝑝𝑝𝑝𝑝𝑠𝑠2  is the objective function. 

• 𝑡𝑡 is the current iteration of algorithm. 
• 𝑇𝑇 is total number of iterations.  
a) Fitness function derivation 

The fitness function for CH node selection among the 
collection of the IoT nodes is based on the following 
parameters: 
1. Base Station Distance: It can be defined as the 

distance between each node and base station. This 
parameter is crucial in calculating the performance 
and efficiency of IoT network, mainly in terms of 
transmission overhead, consumption of energy, and 
data transmission latency. Therefore, for prolonging 
energy of the network we have to reduce of node to 
the base station. 

 𝑓𝑓1 = ∑𝑁𝑁
𝑖𝑖=1 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(𝑁𝑁𝑖𝑖 ,𝐵𝐵𝐵𝐵) (13) 

2. Residual Energy: It can be calculated as the ratio of 
the total remaining energy of the IoT node to the 
total energy of the node. The CH node in the IoT 
network consumes more amount of energy for 
aggregating the data received by respective nodes 
and for transmitting to the base station. The node 
with highest remaining energy is elected as CH node. 
Hence, whenever the selected CH nodes energy 
levels are decreased less than the threshold energy 
then the algorithm again runs to elect CH nodes for 
maximizing the network lifetime.  

 𝑓𝑓2 = 𝐸𝐸𝑟𝑟𝑟𝑟𝑟𝑟(𝑁𝑁𝑖𝑖)
∑𝐸𝐸𝑟𝑟𝑟𝑟𝑟𝑟(𝑁𝑁𝑛𝑛)

  (14) 

3. Intra cluster distance: It can evaluated as the average 
sum of distances between selected CH and their 
respective IoT nodes. All nodes, in general, need 
energy to transmit data to the designated CH. The 
average intra-cluster communication distance must 
be decreased in order to minimize the network’s 
energy usage. Consequently, the following formula 
is used to get the intra-cluster distance: 

 𝑓𝑓3 = ∑𝑁𝑁
𝑖𝑖,𝑗𝑗=1 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑�𝑁𝑁𝑖𝑖 ,𝐶𝐶𝐻𝐻𝑗𝑗� (15) 

 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 = 𝛽𝛽1 × 𝑓𝑓1 + 𝛽𝛽2 × 1
𝑓𝑓2

+ 𝛽𝛽3 × 𝑓𝑓3 (16) 

where, 𝛽𝛽1,𝛽𝛽2,𝛽𝛽3  are random values that ensures 
adaptability to dynamic network conditions and 𝛽𝛽1 +
𝛽𝛽2 + 𝛽𝛽3 = 1. 
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b) Cluster formation 
The formation of clusters after the election of CH 

nodes is significant. For maximizing the lifetime and 
preserving the energy of IoT nodes in the IoT network, 
every node should join the nearest CH node within the 
transmission range to form clusters. Therefore, the 
average intra-cluster distance is utilized to form clusters, 
prolonging the energy of the IoT network. When a 
Cluster Head (CH) exhausts its energy, a new CH is 
dynamically selected using predefined criteria. The 
selection prioritizes nodes with the highest remaining 
energy, minimal intra-cluster distance, and an optimal 
position relative to the base station. This adaptive process 
reduces energy consumption and enhances network 
longevity. The reselection mechanism is activated 
periodically or when the current CH’s energy level drops 
below a critical threshold. 

 
Algorithm 1. FLO based CH Selection 
Require: Set of IoT nodes 𝑆𝑆 = 𝑆𝑆1, 𝑆𝑆2, 𝑆𝑆3, … ,𝑆𝑆𝑛𝑛 , Max no. of 
iterations 𝑇𝑇 
Ensure: Set of Cluster-Heads 𝐶𝐶 = 𝐶𝐶1,𝐶𝐶2,𝐶𝐶3 … ,𝐶𝐶𝑛𝑛  
1. Initialize network population randomly using 

𝐹𝐹𝑖𝑖,𝑗𝑗 = 𝑙𝑙𝑗𝑗 + 𝑟𝑟 × �𝑢𝑢𝑗𝑗 − 𝑙𝑙𝑗𝑗� 
2. for𝑡𝑡 = 1 𝑡𝑡𝑡𝑡 𝑇𝑇do▷Phase 1 : Exploration 
3. for 𝑖𝑖 = 0 𝑡𝑡𝑡𝑡 𝑛𝑛do 
4. Update the locations of prey for the 𝑖𝑖𝑡𝑡ℎ candidate  
of the FLO from Eq. (6) 
5.𝐹𝐹𝑃𝑃𝑖𝑖 = {𝐹𝐹𝑘𝑘|𝑘𝑘 ∈ {1,2, … ,𝑁𝑁} ∩ 𝑂𝑂𝑘𝑘 < 𝑂𝑂𝑖𝑖} ∪ 𝐹𝐹𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 
6. Randomly select the prey i.e., 𝑋𝑋𝑋𝑋 determined by 
 the 𝑖𝑖𝑡𝑡ℎ Osprey   
7.Evaluate new updated location of 𝑖𝑖𝑡𝑡ℎ member from  
Eq. (7) 
8.𝐹𝐹𝑖𝑖,𝑗𝑗

𝑝𝑝𝑝𝑝𝑠𝑠1 = 𝐹𝐹𝑖𝑖,𝑗𝑗 + 𝑟𝑟𝑖𝑖,𝑗𝑗 × �𝑋𝑋𝐹𝐹𝑖𝑖,𝑗𝑗 − 𝐼𝐼𝑖𝑖,𝑗𝑗 × 𝐹𝐹𝑖𝑖,𝑗𝑗� 
9.Check boundary conditions of newly updated  
locations using eq.(8)  
10. Update 𝑖𝑖𝑡𝑡ℎ member of FLO using Eq. (9)  
11. end for 
12. for 𝑖𝑖 = 0 𝑡𝑡𝑡𝑡 𝑛𝑛do  ▷Phase 2 : Exploitation 
13.Evaluate new updated location of 𝑖𝑖𝑡𝑡ℎ candidate 
 using Eq. (10)  

14.     𝐹𝐹𝑖𝑖,𝑗𝑗
𝑝𝑝𝑝𝑝𝑠𝑠2 + 𝐹𝐹𝑖𝑖,𝑗𝑗 + 𝑙𝑙𝑗𝑗+𝑟𝑟𝑖𝑖,𝑗𝑗×�𝑢𝑢𝑗𝑗−𝑙𝑙𝑗𝑗�

𝑡𝑡
 

15.Check boundary conditions of newly updated 
 locations using Eq. (11)   
16.Update the 𝑖𝑖𝑡𝑡ℎ candiate of FLO using the Eq. (12)   
17.  end for 
18.  Optimal Frilled lizard’s solution act as CH  
19. end for 
Note: Every IoT node must be connected to at least one CH node. 

 
c) An illustration 

Let us consider an IoT network area of 10 × 10𝑚𝑚2 
and also assume that there are three frilled lizards in 
which each selects 3 cluster head nodes among nine IoT 
nodes. The cluster head nodes are selected by frilled 
lizards based on the fitness function i.e, the optimal 
frilled lizard solution acts as Cluster heads. 

Initially, we installed ten IoT nodes and a base station 
randomly in the network. Fig. 2 shows the locations of 
all nodes in IoT networks. 

 
Fig. 2. Location of nodes. 

The distance between all nodes are evaluated and 
given in table. The three frilled lizards are initialized to 
select the cluster heads. Firstly, each frilled lizard 
randomly represents three nodes as cluster heads, 
i.e., (𝐹𝐹1 = {𝑁𝑁1,𝑁𝑁2,𝑁𝑁3}, 𝐹𝐹2 = {𝑁𝑁4,𝑁𝑁5,𝑁𝑁6},𝐹𝐹3 = {𝑁𝑁7,𝑁𝑁8,𝑁𝑁9}) . 
Then, based on the fitness function cluster heads are 
updated through iterations. The locations of nodes for 
each lizard are given in Table I below: 

TABLE I. DISTANCE TABLE 

F 𝑵𝑵𝟏𝟏 𝑵𝑵𝟐𝟐 𝑵𝑵𝟑𝟑 𝑵𝑵𝟒𝟒 𝑵𝑵𝟓𝟓 𝑵𝑵𝟔𝟔 𝑵𝑵𝟕𝟕 𝑵𝑵𝟖𝟖 𝑵𝑵𝟗𝟗 𝑵𝑵𝟏𝟏𝟏𝟏 𝑩𝑩𝑩𝑩 
𝑵𝑵𝟏𝟏 0.00 7.21 2.23 6.08 3.16 3.60 5.60 5.09 4.12 6.32 3.60  
𝑵𝑵𝟐𝟐 7.21 0.00 7.81 5.00 5.83 4.12 2.00 5.09 7.00 8.24 4.47  
𝑵𝑵𝟑𝟑 2.23 7.81 0.00 5.09 2.21 5.09 6.70 7.00 6.32 8.54 4.12  
𝑵𝑵𝟒𝟒 6.08 5.00 5.09 0.00 3.00 5.65 5.38 7.81 8.60 10.63 5.00  
𝑵𝑵𝟓𝟓 3.16 5.83 2.21 3.00 0.00 4.12 5.09 6.32 6.40 8.60 3.60  
𝑵𝑵𝟔𝟔 3.60 4.12 5.09 5.65 4.12 0.00 2.23 2.64 3.16 5.00 1.00  
𝑵𝑵𝟕𝟕 5.60 2.00 6.70 5.38 5.09 2.23 0.00 3.16 5.00 6.32 2.82  
𝑵𝑵𝟖𝟖 5.09 5.09 7.00 7.81 6.32 2.64 3.16 0.00 2.23 3.16 3.16  
𝑵𝑵𝟗𝟗 4.12 7.00 6.32 8.60 6.40 3.16 5.00 2.23 0.00 2.23 3.60  
𝑵𝑵𝟏𝟏𝟏𝟏 6.32 8.24 8.54 10.63 8.60 5.00 6.32 3.16 2.23 0.00 5.65  

 

 �

𝐹𝐹1
𝐹𝐹2
𝐹𝐹3
� = �

𝑁𝑁1 𝑁𝑁3 𝑁𝑁5
𝑁𝑁2 𝑁𝑁4 𝑁𝑁6
𝑁𝑁7 𝑁𝑁9 𝑁𝑁10

� = �

(7,3) (9,4) (8,6)
(3,9) (8,9) (4,5)
(3,7) (3,2) (1,1)� (17) 

The fitness function of every lizard is calculated by 
utilizing the Eq. (16) as follows: 

 �

𝑂𝑂(𝐹𝐹1)
𝑂𝑂(𝐹𝐹2)
𝑂𝑂(𝐹𝐹3)

� = �

14.73
11.82
13.33� (18) 

Hence, we have assumed that the frilled lizard with 
less fitness function is considered as best solution, so 
initially, 𝐹𝐹2 is considered as best solutions and then the 
prey locations are updated using Eq. (6). The prey 
locations for 𝑋𝑋𝐹𝐹1 = {𝐹𝐹2,𝐹𝐹3}. 

The frilled lizard 𝐹𝐹1 randomly initiates an attack on 
𝐹𝐹1. Therefore, the locations of nodes of 𝐹𝐹1 are updated 
after attacking the prey using Eq. (7). The updated 
location for lizard 𝐹𝐹1 is for 𝑁𝑁1: 

𝐹𝐹1
𝑝𝑝𝑝𝑝𝑠𝑠1 = (7,3) + 0.2�(3,9) − 1(7,3)� 

Hence, the updated location for 𝐹𝐹1(𝑁𝑁1) is  

𝐹𝐹1
𝑝𝑝𝑝𝑝𝑠𝑠1(𝑁𝑁1) = (6.2,4.2) ∼ (4,5) 

Likewise, the updated locations for 𝐹𝐹1  after 
completing Stage 1 is 𝐹𝐹1

𝑝𝑝𝑝𝑝𝑠𝑠1 = {(4,5), (8,6), (7,3)} =
{𝑁𝑁6,𝑁𝑁5,𝑁𝑁1} and the fitness function value obtained for 
this updated location is 9.34. The obtained fitness value 
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is better than the initial fitness value of lizard 𝐹𝐹1, i.e., 
(9.50 < 14.73). The Frilled lizard 𝐹𝐹1 now hunted the 
prey and it has to move to a safe spot for consuming the 
prey, which is the exploitation phase. Therefore, the 
updated location of 𝐹𝐹1 after Stage 2 is evaluated using 
Eq. (11). The updated location for lizard 𝐹𝐹1 is for 𝑁𝑁6: 

𝐹𝐹1
𝑝𝑝𝑝𝑝𝑠𝑠2 = (4,5) + �1 − 2(0.6)�(10 − 0) 

The updated location for 𝐹𝐹1(𝑁𝑁6) after Stage 2 is  

𝐹𝐹1
𝑝𝑝𝑝𝑝𝑠𝑠2(𝑁𝑁6) = (2,3) ∼ (2,4) 

Likewise, the updated locations for 𝐹𝐹1  after 
completing Stage 2 is 𝐹𝐹1

𝑝𝑝𝑝𝑝𝑠𝑠2 = {(2,4), (7,3), (3,2)} =
{𝑁𝑁8,𝑁𝑁1,𝑁𝑁9}. The fitness value obtained for this location 
is 11.81 and is not better than the fitness value of lizard 
at Stage 1 so we consider the solution of lizard 𝐹𝐹1 at 
Stage 1. Therefore , after evaluating all frilled lizards 
solutions at exploration and exploitation stages the 
updated location and fitness values of lizards are given 
as: 

 �

𝐹𝐹1
𝐹𝐹2
𝐹𝐹3
� = �

𝑁𝑁6 𝑁𝑁5 𝑁𝑁1
𝑁𝑁7 𝑁𝑁5 𝑁𝑁8
𝑁𝑁7 𝑁𝑁6 𝑁𝑁10

� �

(4,5) (8,6) (7,3)
(3,7) (8,6) (2,4)
(3,7) (4,5) (1,1)� (19) 

 �

𝑂𝑂(𝐹𝐹1)
𝑂𝑂(𝐹𝐹2)
𝑂𝑂(𝐹𝐹3)

� = �

9.50
9.34
10.96� (20) 

Therefore, we can conclude that 𝐹𝐹2  is the best 
solution among all lizards. So, we consider the nodes of 
𝐹𝐹2  as cluster heads, i.e., (𝑁𝑁7,𝑁𝑁5,𝑁𝑁8) and the cluster 
members are selected for each cluster heads based on 
intra-cluster distance as given below  

{𝑁𝑁7 = (𝑁𝑁2,𝑁𝑁6)}, {𝑁𝑁5 = (𝑁𝑁1,𝑁𝑁3,𝑁𝑁4)}, {𝑁𝑁8 = (𝑁𝑁9,𝑁𝑁10)} 

V. SIMULATION RESULTS 

In this section, we present the simulation results of our 
suggested algorithm. The proposed algorithm is 
implemented on windows 10 platform using Python 
Programming with libraries such as NumPy, Matplotlib, 
and Pandas for computation and visualization. To 
visualize the results of proposed and existing algorithms, 
we used the Matplotlib library in Python. Specifically, 
we have utilized functions such as plot(), bar(), and 
scatter() from matplotlib.pyplot to generate graphical 
representations of our findings. Additionally, NumPy is 
used for numerical computations, and Pandas is utilized 
for handling and processing data efficiently. For 
simulation of our approach, we have considered two 
different network scenarios with 100×100 m2 area in 
which the position of base station is altered. The location 
of base station was considered at (50, 50) and (50,100) 
for two network scenarios. In the network area, we 
arbitrarily installed 100 nodes with each nodes having 
0.5J initial energy.  

The analysis indicates that the (50, 50) placement is 
more efficient than (50, 100) due to the shorter average 
distance between sensor nodes and the base station. This 
is because, when the BS is centrally located at (50, 50), 
the average distance between the sensor nodes and the 
BS is reduced, minimizing energy consumption for data 
transmission. As a result, sensor nodes retain their energy 
for a longer duration, leading to an extended network 
lifetime. In contrast, placing the BS at (50, 100) increases 
the distance for many nodes, causing higher energy 
depletion and a reduced network lifetime. 

The suggested algorithm is compared with four 
existing algorithms, i.e., ABC [24], GWO [25], WO [26], 
ECRP [27], SHO [28] to show the superior performance 
of our algorithm. The proposed approach is compared 
with existing approaches in terms of network lifetime, 
residual energy and number of alive nodes. Table II 
provides all the parameters used for the simulation. 
However, we found that adjusting β1, β2, and β3 to 0.3, 
0.3, and 0.4 generated better outcomes. Therefore, we 
computed all the simulation by using these values only. 

TABLE II. SIMULATION PARAMETERS 

Parameter value 
Network area 100 × 100𝑚𝑚2 

Base Station Location (50,50)&(50,100) 
Number of IoT nodes 100 

Initial Energy 0.5𝐽𝐽 
Packet length 2000 bits 

𝐸𝐸𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 50 nJ/bit 

𝐸𝐸𝑎𝑎𝑎𝑎𝑎𝑎 
10𝑝𝑝𝑝𝑝
𝑏𝑏𝑏𝑏𝑏𝑏
𝑚𝑚2  

𝛽𝛽1, 𝛽𝛽2, and 𝛽𝛽3 0.4, 0.3, and 0.3 
 

A. Residual Energy 
The simulation results of suggested approach is 

compared with existing algorithms [24–28] in terms of 
residual energy as shown in Fig. 3. The proposed 
algorithm consumes less energy than existing algorithms. 
In ABC and WO, they consider residual energy and 
intra-cluster distance for fitness functions. In GWO, only 
the distance between the CH node and base station is 
considered for fitness values, while in ECRP, only the 
nodes with the highest energy for selecting cluster heads. 
However, SHO may lead to uneven energy distribution 
among CHs, causing certain nodes to drain faster. 
Additionally, frequent CH re-selection in dynamic 
networks can introduce extra energy consumption. 

In our FLO technique, we have considered residual 
energy, base station distance, and intra-cluster distance 
for fitness function. As a result, the suggested algorithm 
shows its efficacy by maintaining residual energy levels 
throughout the network. Our suggested approach 
uniformly distributes nodes to reduce the individual CH 
loads. In Fig. 2, we can see that in both scenarios our 
suggested shows superior performance compared to 
existing algorithms. Therefore, our proposed algorithm 
shows its efficacy for preserving the energy of nodes in 
network. 
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Fig. 3. Comparison in terms of residual energy over a number of rounds for BS positioned at (50, 50) and (50, 100). 

B. Network Lifetime 
The proposed algorithm compared with various 

algorithms in terms of network lifetime as depicted in 
Fig. 4. The simulation results revealed that our algorithm 
outperforms the existing algorithms in both the network 
scenarios. The suggested method shortens the base 
station to cluster head distance, which allows the CH to 
transfer data to the base station with less energy usage. 

C. Number of Alive Nodes 
The simulation results of proposed algorithm with 

existing algorithms in terms of number of alive nodes are 
given in Fig. 5. Compared to existing methods, 
such [24–28], our suggested technique reliably keeps 
more active nodes during the rounds.  

 

 
Fig. 4. Comparison in terms of network lifetime over a number of rounds for BS positioned at (50, 50) and (50, 100). 

 
Fig. 5. Comparison in terms of alive nodes over a number of rounds for BS positioned at (50, 50) and (50, 100). 
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This is accomplished by reducing the average distance 
between the base station and nodes, limiting intra-cluster 
distance, and maximizing residual energy. 

VI. CONCLUSION 

In this paper, we presented the Frilled Lizard 
Optimization-based energy-efficient cluster head 
selection to extend the lifetime of IoT networks. For 
energy efficiency, we derived various fitness functions, 
including residual energy, average base station distance, 
and intra-cluster distance, as discussed in the Fitness 
Function Derivation subsection. After electing optimal 
cluster heads, clusters were formed based on intra-cluster 
distance, as detailed in the Cluster Formation subsection. 
When a Cluster Head (CH) depletes its energy, a new CH 
is selected based on the highest residual energy, shortest 
intra-cluster distance, and optimal base station position. 
The reselection process is triggered periodically or when 
the current CH’s energy drops below a critical threshold, 
ensuring efficient energy management. Extensive 
simulations were conducted to compare our proposed 
approach with various existing methods using multiple 
network scenarios, as described in the Simulation Results 
section. The simulation results demonstrate that our 
approach outperforms existing methods in terms of the 
number of alive nodes, network lifetime, and residual 
energy, showing a 39.6% improvement in these metrics. 
This highlights the superior efficiency and effectiveness 
of our algorithm over existing approaches. Our analysis 
of two different network scenarios shows that placing the 
base station at (50, 50) is more efficient than at (50,100). 
The central placement at (50,50) minimizes the average 
distance between sensor nodes and the base station, 
leading to lower energy consumption and an extended 
network lifetime. In contrast, the (50,100) placement 
increases the distance for many nodes, causing higher 
energy depletion and a shorter network lifespan. Our 
study did not include any routing algorithm and 
considered only single-hop routing with homogeneous 
nodes. In the future, we aim to implement a multi-hop 
routing algorithm for heterogeneous IoT networks to 
further enhance performance. 

CONFLICT OF INTEREST 

The authors declare that they have no known 
competing financial interest personal relationships that 
could have appeared to influence the work reported in 
this paper. The authors have no material competing 
interests, either financial or otherwise. Moreover, the 
authors have no declared conflicting interests that are 
pertinent to the subject matter of this study. 

AUTHOR CONTRIBUTIONS 

The simulation and main manuscript were written by 
the first author, Prasad Nagelli. Ramana Nagavelli, the 
second author, assists with the simulation and creates the 
figures and tables. All authors had approved the final 
version. 

ACKNOWLEDGMENT 

I would like to express my deepest gratitude to all 
those who have supported and contributed to the 
completion of this research paper. I would like to thank 
my supervisor, Ramana Nagavelli, for their invaluable 
guidance, constant encouragement, and insightful 
feedback throughout the course of this study. their 
expertise and patience have been instrumental in shaping 
this research. 

REFERENCES 
[1] H. Han, X. Li, Y. Zhang, J. Wang, and L. Chen, “Wireless sensor 

network routing optimization based on improved ant colony 
algorithm in the Internet of Things,” Heliyon, vol. 10, no. 1, 2024. 

[2] F. Oliveira, M. Silva, R. Costa, A. Santos, and L. Pereira, 
“Internet of intelligent things: A convergence of embedded 
systems, edge computing and machine learning,” Internet Things, 
vol. 25, pp. 101–153, 2024. 

[3] S. Mishra and A. K. Tyagi, “The role of machine learning 
techniques in internet of things-based cloud applications,” 
in Artificial Intelligence-Based Internet of Things Systems, Cham, 
Switzerland: Springer, 2022, pp. 105–135. 

[4] J. Mohana, K. Rajesh, S. Priya, and V. Kumar, “Application of 
internet of things on the healthcare field using convolutional 
neural network processing,” J. Healthc. Eng., 2022. 

[5] S. R. Laha, B. K. Pattanayak, and S. Pattnaik, “Advancement of 
environmental monitoring system using IoT and sensor: A 
comprehensive analysis,” AIMS Environ. Sci., vol. 9, no. 6, pp. 
771–800, 2022. 

[6] A. A. A. Alkhatib and K. M. Jaber, “FDPA internet of things 
system for forest fire detection, prediction and behaviour analysis,” 
IET Wirel. Sens. Syst., vol. 14, no. 3, pp. 112–125, 2024. 

[7] S. Jannu and P. K. Jana, “A grid-based clustering and routing 
algorithm for solving hotspot problem in wireless sensor 
networks,” Wirel. Netw., vol. 22, no. 6, pp. 1901–1916, 2016. 

[8] I. A. Falahah, A. M. Al-Sewadi, H. Q. Ali, and M. K. Hassan, 
“Frilled lizard optimization: A novel nature-inspired 
metaheuristic algorithm for solving optimization problems,” 
Expert Syst. Appl., vol. 242, 122764, 2024. 

[9] R. Garg, “K-LionER: Meta-heuristic approach for energy efficient 
cluster based routing for WSN-assisted IoT networks,” Cluster 
Comput., vol. 27, no. 2, pp. 1–15, 2024. 

[10] S. K. Sharma and M. Chawla, “PRESEP: Cluster based 
metaheuristic algorithm for energy-efficient wireless sensor 
network application in internet of things,” Wirel. Pers. Commun., 
vol. 133, no. 2, pp. 1243–1263, 2023. 

[11] E. Heidari, H. Motameni, and A. Movaghar, “A meta-heuristic 
clustering method to reduce energy consumption in Internet of 
Things,” Int. J. Nonlinear Anal. Appl., vol. 12, no. 1, pp. 45–58, 
2021. 

[12] M. Sadrishojaei, A. Tabrizchi, M. K. Rafsanjani, and S. 
Javadzadeh, “An energy-aware IoT routing approach based on a 
swarm optimization algorithm and a clustering technique,” Wirel. 
Pers. Commun., vol. 127, no. 4, pp. 3449–3465, 2022. 

[13] S. Yousefi, M. Derakhshanfard, and A. M. Rahmani, “An 
energy-efficient artificial bee colony-based clustering in the 
internet of things,” Comput. Electr. Eng., vol. 86, 106733, 2020. 

[14] S. K. Barnwal, A. Prakash, and D. K. Yadav, “Improved African 
buffalo optimization-based energy efficient clustering wireless 
sensor networks using metaheuristic routing technique,” Wirel. 
Pers. Commun., vol. 130, no. 3, pp. 1575–1596, 2023. 

[15] R. K. Yadav and R. P. Mahapatra, “Hybrid metaheuristic 
algorithm for optimal cluster head selection in wireless sensor 
network,” Pervasive Mob. Comput., vol. 79, 101504, 2022. 

[16] R. Abraham and M. Vadivel, “An energy efficient wireless sensor 
network with flamingo search algorithm based cluster head 
selection,” Wirel. Pers. Commun., vol. 130, no. 3, pp. 1503–1525, 
2023. 

[17] R. Somula, Y. Cho, and B. K. Mohanta, “SWARAM: Osprey 
optimization algorithm-based energy-efficient cluster head 

Journal of Advances in Information Technology, Vol. 16, No. 7, 2025

997



 

selection for wireless sensor network-based Internet of 
Things,” Sensors, vol. 24, no. 2, 521, 2024. 

[18] S. Jannu, A. K. Sharma, P. K. Jana, and R. Kumar, “Energy 
efficient quantum-informed ant colony optimization algorithms 
for industrial internet of things,” IEEE Trans. Artif. Intell., vol. 3, 
no. 4, pp. 567–578, 2022. 

[19] B. M. Sahoo, H. M. Pandey, and T. Amgoth, “A genetic 
algorithm inspired optimized cluster head selection in wireless 
sensor networks,” Swarm Evol. Comput., vol. 75, 101151, 2022. 

[20] D. Samiayya, S. Radhika, and A. Chandrasekar, “An optimal 
model for enhancing network lifetime and cluster head selection 
using hybrid snake whale optimization,” Peer-to-Peer Netw. 
Appl., vol. 16, no. 4, pp. 1959–1974, 2023. 

[21] N. R. Saadallah, S. A. Alabady, and F. Al-Turjman, 
“Energy-efficient cluster head selection via genetic 
algorithm,” Al-Rafidain Eng. J., vol. 29, no. 1, pp. 12–25, 2024. 

[22] A. Srivastava and P. K. Mishra, “Fuzzy based multi-criteria 
cluster head selection for enhancing network lifetime and efficient 
energy consumption,” Concurr. Comput. Pract. Exp., vol. 36, no. 
4, e7921, 2024. 

[23] W. R. Heinzelman, A. Chandrakasan, and H. Balakrishnan, 
“Energy-efficient communication protocol for wireless 
microsensor networks,” in Proc. 33rd Annu. Hawaii Int. Conf. 
Syst. Sci., Maui, HI, USA, 2000, pp. 1–10. 

[24] T. Ahmad, M. Haque, and A. M. Khan, “An energy-efficient 
cluster head selection using artificial bees colony optimization for 
wireless sensor networks,” in Adv. Nature-Inspired Comput. Appl., 
Singapore: Springer, 2019, pp. 189–203. 

[25] K. Sekaran, R. Rajakumar, K. Dinesh, Y. Rajkumar, T. P. 
Latchoumi, S. Kadry, and S. Lim, “An energy-efficient cluster 
head selection in wireless sensor network using grey wolf 
optimization algorithm,” TELKOMNIKA, vol. 18, no. 6, pp. 
2822–2833, 2020. 

[26] A. R. Jadhav and T. Shankar, “Whale optimization based 
energy-efficient cluster head selection algorithm for wireless 
sensor networks,” arXiv preprint, arXiv:1711.09389, 2017. 

[27] N. Moussa, Z. Hamidi-Alaoui, and A. E. B. El Alaoui, “ECRP: 
An energy-aware cluster-based routing protocol for wireless 
sensor networks,” Wirel. Netw., vol. 26, no. 4, pp. 2915–2928, 
2020. 

[28] S. Venkatasubramanian and Vennila, “Cluster head selection 
using spotted hyena optimizer for energy-efficient routing in 
MANET,” IAENG Int. J. Comput. Sci., vol. 50, no. 3, pp. 
1122–1129, 2023. 

 
Copyright © 2025 by the authors. This is an open access article 
distributed under the Creative Commons Attribution License which 
permits unrestricted use, distribution, and reproduction in any medium, 
provided the original work is properly cited (CC BY 4.0). 

 

Journal of Advances in Information Technology, Vol. 16, No. 7, 2025

998

https://creativecommons.org/licenses/by/4.0/

	JAIT-V16N7-990



