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ABSTRACT:  Wireless Sensor Network (WSN) model, sensor nodes are extensively 

spread in the Internet of Things (IoT). It plays a major role in energy production and longevity. 
On the other hand, WSN nodes have restricted energy, making short-term data transmission a 
difficult task.  This research introduces a novel routing protocol to reduce node energy 
consumption and increase network lifetime by clustering protocol. Optimized Two-Layer 
Clustering Routing Protocol (OTLCRP) based on edge computing and Levy Flight Golden Jackal 
Optimization (LFGJO) is used to clustering. The edge server is able to observe the fundamental 
WSN nodes and help with selecting CH nodes. Clustering may design to improve the efficiency 
of CHS by using a LFGJO. CHS process is based on the energy, residual energy, average energy, 
node distance as major important factors for effectively improving routing efficiency. It satisfies 
the goal of minimizing network energy usage and extending network lifetime to some extent and 
it provides some practical usefulness. It stability the load and distance in the OTLCRP process. 
Results are measured using the metrics like number of data packets received, node remaining 
energy, network lifetime and Number of remaining nodes.  

KEYWORDS:Levy Flight Golden Jackal Optimization (FGJO), Cluster Head Selection 
(CHS),Wireless Sensor Network (WSN), Internet of Things (IoT), routing protocol, Edge 
Computing and clustering.  
1. INTRODUCTION  

Wireless Sensor Network (WSN) is the main part of the IoT. It has a broad collection of 
IoT applications. IoT is now a rapidly developing paradigm for academic and industrial research. 
IoT has a big impact on human lives in many ways, including convenience, improved 
experiences, and efficiency [1]. In the IoT, a large number of physical things have embedded 
computing power, which enables them to interact with other devices and automatically and 
smoothly share acquired data. Smart homes, healthcare, urban life, retail and commerce, 
agriculture, transportation, and national border monitoring are real-time IoT applications [2, 3].   

IoT leverages data and connection to improve complicated systems efficiency. WSN is 
made up of dispersed sensor nodes that can gather information about the state of the environment 
and transmit it via the network to a destination node for analysis. Electrical signal the sensors 
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gathered data and forwarded it to preprocessing. WSN, communication is essential for both 
sending and receiving data wirelessly [4,5]. WSN needs a large number of sensor nodes in order 
to manage real-time applications. To maximize network effectiveness, WSN be able to 
dynamically modify the network construction in reaction to a variety of external measures 
including node mobility, changes in the surrounding environment, and the addition or removal of 
nodes. 

Edge computing is a new category of network design as the number of devices linked to 
the network increases. In comparison to cloud computing, it is closer to the consumer and hence 
has lower latency, higher efficiency, and less bandwidth pressure [5]. Edge computing is 
generally used in WSN. Edge computing technology, WSN latency is able to be efficiently 
lowered, network lifetime is enhanced, and overall system reliability improved [6-8]. WSN nodes 
still have a limited amount of energy, thus researchers will need to think about creating some 
energy-efficient routing protocols in order to lower WSN node energy consumption. WSN, sensor 
nodes are grouped into clusters. Cluster Head (CH) is selected in each cluster using the clustering 
model. Every cluster designates a sensor node known as the CH [9]. In addition to handling 
general requests, the CH is in charge of obtaining and forwarding to the sink the sensed data from 
other sensor nodes in the same cluster. As such, compared to other nodes, the CH consumes more 
energy. 

The longevity of this network will therefore be impacted by the CH selection process. The 
various definitions of lifetime will be followed by the various application scenario contexts. The 
data communication paths to the sink will therefore have an impact on the amount of energy used. 
The hierarchical architecture is often used in WSNs because it offers greater flexibility in 
handling data routing issues. However, the network has the so-called hot spot problem because 
nodes nearer the collector node are continuously receiving and transmitting data. As a result, 
employing sink nodes spares CH from an unnecessary workload while also saving time and 
energy. As a result, the network scalability grows and its efficiency is preserved. The optimization 
method is expected to be able to solve the CH selection.  

This research presents a novel routing protocol that addresses the issues of higher node 
energy consumption and reduced network lifetime during clustering protocol. Clustering is 
finished using a Levy Flight Golden Jackal Optimization (LFGJO) and Optimized Two-Layer 
Clustering Routing Protocol (OTLCRP) based on edge computing. The edge server is able to help 
choose the CH nodes and keep an eye on the underlying WSN nodes. Using an LFGJO, clustering 
may be designed to increase CHS efficiency. In order to successfully improve routing efficiency, 
the CHS procedure adds energy, residual energy, average energy, and node distance as significant 
components.  
2. LITERATURE REVIEW  

Zheng et al. [11] proposed an approach called Binary Multi-Objective Adaptive Fish 
Migration Optimization (BMAFMO). Pareto optimal solution storage technique is presented to 
enhance the algorithm capacity for global search. BMAFMO converts the continuous into a 
binary depending on the sigmoid transformation for CHS. Simulation results demonstrate that the 
BAMFMO algorithm has superior optimization capacity over previous heuristic algorithms when 
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it comes to solving the CH selection problem of WSN. Priyanka et al. [12] decreased collisions, 
increased network lifetime and energy efficiency by controlling topology. Whale Optimization 
Algorithm (WOA) is introduced for dynamic CH selection in each sub-sector. Proposed model 
demonstrate that the circular WSN by sectorization might attain nominally balanced energy 
depletion. Effectiveness of proposed model is contrasted with Particle Swarm Optimization 
(PSO) and Low Energy Adaptive Clustering Hierarchy (LEACH) in terms of network lifetime 
and residual energy ratio. 

Rao et al. [13] proposed a PSO based Energy Efficient CH Selection (PSO-ECHS). It is 
designed using a fitness function and an effective particle encoding scheme. PSO-ECHS, number 
of factors like residual energy, sink distance, and intra-cluster distance. Cluster formation is 
demonstrated, whereby non-CH sensor nodes associate with their CH by means of a weight 
function that is developed. The method undergoes comprehensive testing across multiple WSN 
scenarios with different numbers of sensor nodes and the CH. Experimental results, the PSO-
ECHS algorithm outperforms the current methods by overall energy consumption, network 
lifetime, and the quantity of data packets received at Base Station (BS). 

Subramanian et al. [14] proposed the Hybrid Grey Wolf and Crow Search Optimization 
Algorithm - Optimal Cluster Head Selection (HGWCSOA-OCHS) scheme to raise the lifetime 
expectancy of the network which focuses on energy stabilization, delay minimization, and node 
distance minimization. GWO is hybridized with the CSOA to resolve the issue of premature 
convergence and it has the capability to successfully investigate the search space. The trade-off 
among the degree of exploitation and exploration in the search space is maintained by this schema 
during the CHS phase. It shows that the proposed model has reduced energy consumption and 
increased network lifespan. 

Yue et al. [15] proposed an enhanced technique for optimizing WOA coverage. First, a 
mathematical model is developed that strikes a balance between energy consumption, coverage, 
and node use. Second, the original algorithm's convergence factor is altered and the WOA is 
enhanced by the introduction of the sine-cosine algorithm. The cosine form's linear drop is 
converted to a nonlinear decrease, which balances the capabilities of local and global search and 
adds the inertial weight of the synchronous cosine form to increase search speed and optimizer 
accuracy. The ideal coverage strategy is obtained by the improved WOA through its solution of 
the heterogeneous WSN coverage optimization model.  

Ali et al. [16] created a unique ARSH-FATI-based Cluster Head Selection (ARSH-FATI-
CHS) algorithm. Novel Ranked-based Clustering (NRC) heuristic is combined to minimize 
sensor node communication energy utilization and efficiently improving network Life Time (LT). 
This system can dynamically alternates between search process exploration and exploitation 
throughout runtime to provide an enhanced trade-off among performance and highest LT 
performance. When selecting CHs, ARSH-FATI-CHS takes workload, communication distance, 
and residual energy. 

Bakshi et al. [17] proposed methodology offers an algorithm for adaptive CH selection is 
based on the Glowworm Swarm Optimization (GWO) algorithm. The suggested method 
lengthens the network's lifespan by automatically adjusting each cluster's node count based on 
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the total number of active nodes inside the network. By choosing geographically dispersed CHs, 
the suggested strategy also guarantees the least amount of cluster overlap, improving the 
network's energy efficiency by reducing communication overhead. Choosing the CH repeatedly 
aids in network load balancing as well. Implementing the suggested method in the Objective 
Modular Network Testbed in C++ (OMNET++) simulator allowed researchers to see how the 
system responded to varying densities of sensor deployment and communication ranges. 

Rami Reddy et al. [18] suggested an energy-efficient CH selection method with Improved 
GWO (EECHIGWO). GWO has the issues of early convergence, lack of population variety, and 
imbalance between exploitation and exploration, by selecting the CHs optimally using the 
EECHIGWO algorithm; it is utilized to improve the energy effectiveness, average throughput, 
network constancy, and network lifetime in WSN. When choosing the CH, it takes into account 
the average intra-cluster distance, sink distance, residual energy, and CH balance factor. 
EECHIGWO-based clustering protocol tests have been conducted on the no. of dead nodes, 
energy consumption, no. of operating rounds, and average throughput. Results shows that the 
resolved premature convergence, validated the best CHs selection with the least amount of energy 
consumption, and extended the network lifetime. 

Wen et al. [19] presented a task model and a cluster-based WSN model. This paradigm is 
heterogeneous, which increases its practicality because different kinds of resources, and different 
sensors. Next, an approach for allocating tasks is suggested that integrates the Ant Colony 
Optimization (ACO) and Genetic approach (GA). Load balancing and energy usage is introduced 
to enhance the network lifetime of cluster-based WSN model. The experimental result 
demonstrates the efficiency and benefits of the algorithm for load balancing and energy 
conservation. 

Qiu et al. [20] suggested a two-layer WSN based on edge computing. In particular, 
optimization goal is to stability the load and distance aspects. In order to decrease resource usage, 
consumption, and network lifetime, the system sensor nodes are distributed equally thanks to the 
introduction of the Improved Chaotic Sparrow Search Algorithm (ICSSA). This approach is 
demonstrated through the simulation experiment, extending the network lifetime cycle and 
reducing energy usage by 26.8%. 
3. SYSTEM MODEL 

Optimized Two-Layer Routing Protocol (OTLRP) is introduced in the edge layer and the 
sensor node layer. Edge computing nodes, which are found in the edge layer, are in charge of 
helping CHS, gathering pertinent sensor node data, and sending sensor data. CH node needs to 
be re-selected each round because it is typically not fixed. The nodes must be dispersed equally 
and their loads must be balanced while choosing the CH in each round. Common nodes will 
connect the closest cluster based on distance after the CHS is finished, and member nodes will 
be given time slots inside the cluster to end data transmission. Nodes simply employ their allotted 
time slots for data transmission; during other times, they sleep to save energy. The CH will be re-
selected at the conclusion of each rotation period, and the new CH will do so in accordance with 
the energy usage. 
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FIGURE 1. EDGE NETWORK ARCHITECTURE 

WSN, the matching sensors will stop moving once they are positioned. Every sensor node 
in set 𝐶! has simultaneous communication capabilities with edge nodes and other sensor nodes. 
Then CHS is finished, data transmission is performed between the CH and the edge. It is 
illustrated in Figure 1. Let  N	 = {n", . . . , n#} is described as each and every one sensor nodes and 
each and every one edge nodes are known by the set S	 = {s"to	s#}. The set M	 = {m"to	m$} is 
represented as clusters, C% 	= {c"to	c&} ∈ M is denoted as the qth cluster, and the CH node in the 
cluster is described as C%' . 

Node Energy Model: Edge-side WSN is battery usage because the sensor cannot be 
recharged after the power source is depleted. In particular, data transmitting and receiving 
accounts for the majority of energy usage in a WSN at the edge [21]. The threshold distance d(	is 
described as follows,  

d( = 4
ε)*
ε+&,

 
(1) 

whereε)* is the energy required in free-space model, and ε+&,is the power amplifier 
energy. Subsequently transmission energy consumption (E-.(k, d)) during k-bit data for d is as 
follows,  

E-.(k, d) 	= 	 :
k. E/ + k. ε)*. d0), d < d(
k. E/ + 	k. ℇ+&,. d1), d ≥ d(

 
(2) 

where E/is the energy consumption during data sending/received through the sensor node. 
Thus the receiver energy utilization E2. is described as follows,  

E2. = 	k × E/ (3) 

Total energy consumption (E-3-) at the edge server nodes in WSN as follows,  

E-3- =	E-. + E4. + E( (4) 

where E(is the energy utilization of the node while it is sleeping. 
Node Residual Energy and Average Energy: The residual energy of the nodes is 
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necessary to be taken into description throughout the CHS process. Edge-side WSN is dependable 
for preserving the network lifespan during the CHS process. As a result, designate as many CH 
nodes as you can those that have used less energy. The following defines the energy usage E52 of 
nodes, 

E52 =
E5* − E5
E5*

 
(5) 

To decrease the choice range of CH nodes and it ensure with the purpose of have a better 
network lifetime. Average energy E+67 of the CH nodes and join the set of candidate nodes,  

E+67 =
∑ E55∈9∧5∉<

N − G  
(6) 

whereE5 is the residual energy of node i, and G is the amount. of dead nodes. Residual 
energy of the node is higher than E+67 is stored into H. 

Node Distance: Distances among nodes in the WSN. It is frequently consist of the 
distances among sensor nodes and edge nodes, CHs nodes and general nodes, and CHs 
themselves.  

Sensor node to edge node: Distance D5= among the edge end and the ith sensor node. It is 
able to be defined as follows,  

D5= =
D5
D&+.

 (7) 

whereD5is denoted as distance among the sensor node(i) and edge node(e), D&+. is 
denoted as the maximum distance among the sensor node(i) and edge node(e). 

Inter-cluster node distance: Sequentially to optimize the network life cycle, it is 
significant to decide CH nodes are as broadly single as feasible. This will ensure that the CH 
nodes' energy consumption is as consistent as possible. Consequently, the allocation of CH nodes 
and intra-cluster nodes has been considered during the CHS process. Inter-cluster node 
distribution factor D5> to be defined as follows, 

D5> =
∑ DC5

+67 − C+67E
0

5∈?!

Q  
(8) 

whereC5
+67 is denoted the average no. of neighbouring nodes of each and every one nodes 

in the ith cluster, C+67 is denoted the average no. of neighbor nodes N nodes, and Q is denoted the 
total no. of clusters. 

Distance between CHs: Distance between CHs is a crucial parameter in the CHS 
algorithm, determining whether the WSN achieves optimal routing performance. Consequently, 
D' among CHs has been described as follows,  

D' =
∑ D5=5∈@

∑ D5,$'∀5,$∈@
 

(9) 
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where D5,$'  is represented as the distance among CHs i and j. D5= is denoted as the distance 
among CH node i to the edge node e. Together enhance the distance among CHs consequently to 
the allocation of CHs in the edge-side WSN is further circulated. 

Optimization of the Target: During CHS process, edge-side WSN is introduced to 
constancy the node energy and distance. It is represented as follows,  

minW = θ"JE52

5∈C

+ θ0JD5=

5∈C

+ θD J D%,$>

$∈?!,%∈@

+ θ1D' (10) 

s.t C1 θ" + θ0 + θD + θ1=1 (11) 

C2 0 < θ", θ0, θD, θ1<1 (12) 

C3 E5 ≤ E5* (13) 

where θ", θ0, θD, and θ1 is denoted as the weight factors, and C3 is denoted as the energy 
consumption of node. 
4. PROPOSED METHODOLOGY  

Levy Flight Golden Jackal Optimization (LFGJO) is introduced to the clustering process 
and the Optimized Two-Layer Routing Protocol (OTLRP) based on edge computing. It can help 
select the CH nodes and keep an eye on the underlying WSN nodes. Using an LFGJO, clustering 
may be designed to increase CHS efficiency. In order to successfully improve routing efficiency, 
the CHS procedure adds energy, residual energy, average energy, and node distance as significant 
components. In the clustering process, it is employed to balance the load and distance 
considerations.   

LFGJO is inspired by the pair of golden jackals. It can be identified by their collective 
wailing. The golden jackal is thought to engage in some sort of howling [22]. Golden jackals use 
their collective howl to signal to others where they are and to coordinate with other jackals in 
order to find their prey [23]. Golden jackals use cooperative foraging to search an area that is 
open to greater prey, hence increasing their ability to forage [23]. They will circle the target to 
make sure it is ready for their attack, and then they will encircle it until it is unable to flee. Lastly, 
they will assault the prey if there is no chance of escape. The golden jackal's foraging hunting 
activity is then converted into a numerical method. Equation (14) describes the population of 
golden jackals in the exploration space, 

X( = LE + rand(UE − LE) (14) 
where rand ∈ [0,1] is a random number, and UE and LE are the upper and lower 

boundaries correspondingly in the search space. In the exploratory stage, golden jackals naturally 
locate and follow their prey. On the other hand, the prey might occasionally be easily lost and is 
not always visible in one location. Evading Energy En6is the power of the prey energy. When 
|En6| is higher than the one means with the purpose of the prey still has sufficient energy to 
escape. Here, the hunting make use of of the golden jackals selected the male (X&+F=) as the leader 
and the female X)=&+F=as supporter. It is denoted by equations (15-16), 

X@ = X&+F= − En6UX&+F= − D0.05 × LFG(β) ⊗ X,2=HEU (15) 
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XI = X)=&+F= − En6UX)=&+F= − D0.05 × LFG(β) ⊗ X,2=HEU (16) 

In equations (15-16), X,2=H = 0.05	is the prey vector position and the Lévy flights 
LFG(β)	by equation (19), ⊗ is denoted as the element-wise multiplication. X&+F=and X)=&+F=are 
restricted through the prey Evading Energy is described as follows,  

En6 	= 	 EnFJ 	× En( (17) 

EnFJ 	= 	1.5 × (1	– 	t/T) (18) 

EnFJ ∈ [1.5	to	0]shows the prey decrement energy during the generation, t is the initial 
iteration, T is denoted as the maximum no. of iterations. Meanwhile, Prey’s initial energy is 
denoted as the En( ∈ 2	 × 	𝑟𝑎𝑛𝑑	 − 	1  with 𝑟𝑎𝑛𝑑 ∈ [0,1].	 Lévy flights in equation (19), uG is 
σ, vG is 1 and parameter β=1.5. The length of the Lévy flights vector is described as follows,  

LFG(β) = d
uG. σ

|vG|
"
K
g , σ =

⎝

⎛
Γ(1 + β) × sin kπβ2 m

Γ k1 + β2 m × β × 2L
KM"
0 N
⎠

⎞

"/K

 

(19) 

During the exploitation phase, the pair of golden jackals surrounds and chases its prey. 
Undoubtedly, the prey's En6 weakens. This state indicates that |En6|<1 is the exploitation 
happens. When the golden jackals' mates have successfully surrounded the prey, they will attack 
it until it appears dead. Equations (20-21) is denoted as the X&+F=&X)=&+F=pair hunting behavior 
of golden jackals, 

X@ = X&+F= − En6U(0.05 × LFG(β) ⊗ X&+F=) − X,2=HU (20) 

XI = X)=&+F= − En6U(0.05 × LFG(β) ⊗ X)=&+F=) − X,2=HU (21) 

D is denoted as the dimension by equation (19).  

ALGORITHM 1: LEVY FLIGHT GOLDEN JACKAL 
OPTIMIZATION (LFGJO) 

INPUT: Population size N and maximum no. of iterations T  

OUTPUT: Location of prey and its fitness value  

Initialize the prey population randomly 𝑋! 	(𝑖	 = 	1, 2, . . . , 𝑁)	 

While (t < T)  

     Prey fitness is computed by equation (10) 

         X&+F== Male Jackal Position  

									X)=&+F== Female Jackal Position 

For (each prey individual)  

         E6 is updated using equation(17)  
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          LFG(β) is updated using equation (18)  

         If (|𝐄𝐧𝐯| ≤ 1) (Exploration phase)  

              Prey position is updated via equations (15-16)  

        If (|𝐄𝐧𝐯| > 1) (Exploitation phase)  

             Prey position is updated via equations (20-21)  

End for  

  t = t + 1  

end while  

return 𝑋! as optimal CH  

Working procedure of LFGJO algorithm is discussed as follows,  
WORKING PROCEDURE OF PROPOSED ALGORITHM  
Step 1: Set up the no. of sensor nodes, the initial energy, the node distribution area, and 

the population.  
Step 2: Every node in the edge based WSN model transmits its position and energy data 

to the edge nodes. Position and energy information is updated for every node in the edge based 
WSN. 

Step 3: If the T has been reached, proceed to step 6; Else go to step 4. 
Step 4: Fitness function computation by equation (10), and then find the present best and 

worst, the CH node set, and the optimal best clustering. 
Step 5: Using equations (15-16), adaptively change the population based on X&+F= and 

X)=&+F=. 
Step 6: Randomly choose 50% of the population, updateX&+F= and X)=&+F= positions using 

equations (20-21), and repeat step 3. 
Step 7: Edge nodes transmit CH data. When the CH node receives notice that it has been 

chosen as the CH node, it broadcasts this data to other close by nodes, and they join the cluster. 
Step 8: CH node gathers data from further nodes and sends it to the edge nodes subsequent 

to fusion. 
Step 9: Algorithm 1 is repeated until the WSN network's lifetime ends. 
 

5. SIMULATION RESULTS AND DISCUSSION  
This part assesses the amount of data packets received, remaining energy, network 

longevity, and number of surviving nodes in order to compare the proposed approach and the 
current methods. Python was used to run the simulations on a PC with an Intel processor and 16 
GB of RAM. Simulation settings with parameters of WSN model are displayed in Table 1. 

TABLE 1. SIMULATION PARAMETERS 



ISSN:2731-538X | E-ISSN:2731-5398 
Vol. 18 No. 01 (2024) 

 
 

 
 
 
 

 
984  

 

Parameter  Range  

Sensing Area 200×200 m2 

No.of sensor nodes 100 

No.of edge nodes 10 

Data Length 4000 bits 

Running rounds  2500 

Threshold Energy 0.000006 µJ/bit 

Initial Energy  0.7 J 

Data Consumption 0.01 J/bit/ packet 

E/ 50/nJ/bit 

ε)* 10/pJ/bit/m2 

ε+&, 0.0013/pJ/bit/m2 

Population Size 100 

Maximum No. of iterations 200 

Distance Threshold 87 m 
REMAINING NODES: When the number of rounds increasing, this metric is used to 

calculate the remaining surviving nodes change. The WSN's life cycle and data transmission 
capacity will be stronger the more rounds it runs and the nodes that remain. 

REMAINING ENERGY: It is used to calculate the relationship between the number of 
rounds that are now running and the nodes' remaining energy. It is able to extensively expand the 
network lifetime of the WSN, the node uses less energy during transmission in every round. 

RECEIVED PACKETS BY EDGE: This metric is used to analyze the no. of packets 
received by edge nodes in the WSN. 

NETWORK LIFETIME: WSN performance is the amount of time before the first 
sensor's energy runs out. 
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FIGURE 2. NUMBER OF REMAINING NODES VS. DIFFERENT ALGORITHMS 

The FGJO is compared with the HGWCSOA-OCHS, ARSH-FATI-CHS, and ICSSA-
CHS algorithms to confirm its effectiveness. Figure 2 shows that the number of created nodes 
first stays constant but then starts to decrease as the number of running rounds grows. This is 
because some nodes' energy runs out as the number of running rounds rises. Edge nodes are 
introduced via a two-layer network layout in order to decrease the speed at which energy is 
consumed and the burden on the CH nodes. Proposed method has highest network lifespan of 80 
nodes over 2000 rounds. Other methods like HGWCSOA-, ARSH-FATI and ICSSA have 
reduced the number of nodes like 32, 48 and 60 for 2000 rounds. 

 
FIGURE 3. NODE REMAINING ENERGY VS. DIFFERENT ALGORITHMS 

Figure 3 shows that the energy of network nodes reduces with an increase in the number 
of rounds. This is a result of the energy that node operation consumes. The remaining energy of 
the proposed system is the greatest at 15.32 J; alternative approaches, such as HGWCSOA, 
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ARSH-FATI, and ICSSA, have decreased remaining energy to 2.69 J, 6.11 J, and 11.57 J, 
respectively.  

 
FIGURE 4. NUMBER OF PACKETS RECEIVED VS. DIFFERENT ALGORITHMS 

 
FIGURE 5. NETWORK LIFETIME VS. DIFFERENT ALGORITHMS 

The no.of packets received by edge-end nodes speedily grows as the no. of running rounds 
is illustrated in Figure 4. HGWCSOA, ARSH-FATI, and ICSSA protocols all exhibit lower levels 
of data packet transmission than the LFGJO protocol. It demonstrates that when choosing CH 
and network clustering, the LFGJO algorithm makes more sense, improving network 
transmission stability and extending network lifetime. Figure 5 shows the network lifetime 
comparison of routing methods by no.of rounds as 500-2500.For 2500 no.of rounds the methods 
likes HGWCSOA, ARSH-FATI, ICSSA and proposed system gives the network lifetime of 3591 
ms, 3856 ms, 4125 ms and 4366 ms respectively. The proposed algorithm gives highest network 
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lifetime than the other methods due to optimal selection of CH by LFGJO. 
6. CONCLUSION AND FUTURE WORK  

In this paper, Optimized Two-Layer Routing Protocol (OTLRP) is introduced edge-based 
WSN system. Levy Flight Golden Jackal Optimization (LFGJO) algorithm, objective function is 
introduced to stability the load and distance in the clustering. The male and female golden jackal 
pair bond-hunting behavior served as the model for the LFGJO algorithm. A golden jackal pair’s 
relationship is evident by their collective howling. Golden jackals in the wild search for and 
follow their prey during the exploration phase. In the peripheral layer, edge computing nodes are 
in charge of gathering pertinent sensor node data, supporting CHS, and sending sensor data. Edge-
side WSN, CHS method is implemented to minimize the distance among CH nodes and balance 
node energy and distance with distribution homogeneity among clusters. The LFGJO algorithm 
extends the lifetime of the network, enhances performance, and efficiently lowers node energy 
usage. In order to increase network efficiency, future research will examine topics such node data 
collecting and fusion inside the double-layer WSN framework. 
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