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A NOVEL IOT BASED WSN USING MOPSO ROUTING ALGORITHM 
AND IAVOA CLUSTERING TECHNIQUE 

Abstract: The Internet of Things (IoT) has a wide range of uses today, including 
weather systems, traffic management, intelligent infrastructure, security 
systems, and more, that generates a lot of data that provides issues like control 
clustering and routing protocols. It addresses the management of data transfers. 
In order to improve the energy efficiency of the network, various mechanisms like 
energy-based clustering and sleep schedules are incorporated into routing 
protocols because, in general, IoT devices have limited performance in terms of 
battery life and energy efficiency. The majority of designs are complex and 
difficult to implement in real-world situations, according to current research. In 
this regard, this study proposes a clustering algorithm-based routing technique. 
By identifying both the clusters and the network, the proposed strategy first 
applies the Improved_African_Vulture optimization algorithm (IAVOA) 
clustering technique to group the members of the network. The multi-objective 
particle swarm evolution (MOPSO) algorithm then selects the interface nodes to 
send packets to the base station as the routing time increases.  The proposed 
strategy is evaluated with the help of the MATLAB programming language. The 
total energy consumption, normalized average energy and residual energy of 
proposed system are used to calculate the evaluations' outcomes, which are then 
presented in different distinct scenarios. The evaluations show that the proposed 
approach performed better than the comparable approach in both evaluation 
criteria, resulting in increased efficiency. 

Due to the wireless nature of IoT networks and the wireless sensor network (WSN) 
as a technology, the process of data transfer between devices and data centers is a 
very important issue in today's topics related to IoT networks. The IoT hardware 
layer takes into account in corresponding with a lot of small integrated sensors with 
recording, processing, and data transmission units that make up the network. These 
nodes can talk to each other, sense and detect events, and send measured data like 
temperature, humidity, and motion, among other things. Relay nodes, which 
require routing algorithms, or directly connection to the base station [20]. Power 
limitation, bandwidth, dynamic topology (due to node failure, addition or deletion, 
or mobility), data traffic density, and network scale are some of the characteristics 
that distinguish WSNs from other common networks. As a result, these networks 
face a number of difficulties that necessitate the creation of robust and energy-
aware protocols across all architecture layers [15]. 
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The most important design considerations for the majority of WSN routing protocols 
are maximizing network life and making effective use of energy resources. The routing 
load processing must be evenly distributed among all network devices and 
intermediate nodes for a sensor network to be energy efficient. This guarantees that 
more gadgets work for a more extended timeframe. On the other hand, if this load 
processing is routing and only a subset of the network's devices are taken into 
consideration, and then this subset of devices uses energy more quickly and runs out 
of battery faster than the rest of the network [19]. As a result, the majority of research 
is devoted to the creation of effective routing protocols, clustering, and other energy-
saving strategies, including the application of optimization techniques [13]. 
Numerous real-world issues can typically be formulated as multi-purpose 
optimization issues. Multi-objective evolution algorithms (MOEA) have received a 
lot of attention ever since the first attempt to use evolutionary algorithms to solve 
multi-objective optimization problems. In recent years, they have been widely used 
to solve a variety of problems. MOEA makes use of an evolutionary algorithm's 
capacity to generate multiple solutions simultaneously in a single run. In such 
manner, a mix of multi-objective particle swarm optimization (MOPSO) calculation, 
which is an imaginative multi-objective savvy improvement calculation, alongside 
African Vulture -based grouping (IAV) to find ideal ways between hubs in IoT and 
stations Determination of dependable variables in view of the heaviness of every 
way in the organization utilizes it to track down help ways [7]. 
The proposed approach improves the network's primary objectives by employing a 
multi-criteria objective function in the MOPSO algorithm. The proposed method 
uses distance between objects, distance from node to destination, link quality, and 
degree of reliability as evaluation criteria for performance. In fact, in each jump, the 
optimal and reliable node is the one with the fewest jumps to the source node, the 
shortest direct distance to the access point, the highest link quality, and the highest 
degree of reliability. As a reliable factor in the backup path, the backup node is also 
chosen as the second optimal node among adjacent nodes whose values meet the 
second category of evaluation criteria. The global optimization of reliable IoT 
routing is achieved by selecting the best nodes at each step [17]. 
In wireless sensor networks, clustering is the process of dividing the network into 
categories to balance the load and accomplish other objectives like scalability, 
longevity, and energy efficiency. Increasing network life and influencing the 
network's overall performance can be accomplished in a very effective and cost-
effective manner. Member nodes (MNs) and clusters (CLH) are the two subsets of 
cluster-based routing protocols. The CLH that is selected is determined by crucial 
factors like residual energy and the distance to the node (SN). The weight and score 
of the nodes determine the function of CLH. Increasing or decreasing important 
parameters (different parameters are introduced in various algorithms) define node 
scores. As a leader or coordinator, the cluster head collects and transmits data from 
cluster members (CMs) to the base station (BS) or SN. The majority of research 
focuses on clustering, energy-saving strategies, and the design of sensor network 
routing protocols [2]. 
Anand and others [3] employs a concept-based clustering genetic algorithm (GA) 
and suggests particle swarm optimization (PSO) routing in a WSN in their 
approach. They select selective cluster heads (CH) based on distance and energy, 
which collect data from all parameter node parameters. At the relay node the 
collection for data depends on routing paths from the base station to the sink based 
on PSO algorithm. The traffic load between CH and BS always carried by relay node, 
the proposed method shows enhancement in the efficiency of energy by utilizing the 



 

 

proper relay nodes between the CH and destination nodes which will support and 
facilitate the traffic flow in the network. Finally, the network lifetime will be 
extended, and the service quality will be improved. The simulation for the proposed 
algorithm shows successful results in energy consumption reduction and network 
lifetime expansion as compared with other traditional protocols. 
In paper [9] the researchers proposed a new routing protocol (EEG) depending on 
overall network power consumption and dissipation of energy at each sensor node 
within the network. This algorithm shrinks the hole between the level of energy 
dissipation at each sensor node inside the network which ensures the network life 
extension and successful transmission. The main problem for the proposed method 
is the probability of errors in the location of sensor node which can be solved by 
considering the mean square error algorithm to overcome the problem and 
efficiently utilize the geo routing technique (EEG).  
The proposed residual energy scheme takes into account the next carrier node to 
balance the energy consumption of the sensor nodes while they are in use. The EEG 
uses information from a neighbor about eligible carrier nodes to avoid voids. 
Consequently, communication overhead, which is relatively higher in existing GIS 
protocols, is reduced and the likelihood of location error is reduced. Broad 
reproductions show that the proposed conspire oversees energy utilization and 
bundle sending proportion more effectively than a high level geo-steering convention. 

Problem Statement 

In this section, which is the most important part of the research, we will discuss and 
find the research issue in relation to its important details and present and in-depth 
discussions. There are five sections to these topics: dimensions and limitations of 
the problem, the purpose of the research, the expression of unknown aspects, and 
the introduction of the research variables are all included in this section. 
The proposed method consists of two steps of Improved_African_Vulture-based 
clustering and then MOPSO-based routing. The first step is to choose the most suitable 
beanie. These include various constraints and parameters such as the candidate node's 
energy consumption, the number of nodes in the cluster and the total energy of all 
nodes, the candidate node's distance from the associated nodes, number of 'headers 
formed and distance from BS to all. The next step is MOPSO-based routing, where a 
relay node is placed between the sink and the cluster head. Data is exchanged when the 
sink and eclipse are far from the transition node. Relay nodes are used to minimize the 
overhead power consumption when aggregating data and transmitting to the BS. To 
do this, the header first finds the nearest relay nodes, or the BS sends the collected data 
depending on which node is closest. This reduces the energy consumption of nodes 
when transmitting data, which increases their lifespan. 
The primary goals are: 
1- In order to share messages and extend the life of the network, sensor nodes need 

to be effectively clustered together. 
2-Both sending and receiving messages between sensor nodes ought to use as little 

energy as possible. 
3-Compared to previous tasks, the MOPSO-based routing protocol with clustering 

proposed for the IoT comprehension layer ought to perform better in terms of 
network life and power consumption. 

4-Clustering is performed much more effectively and with a much faster convergence rate 
by the proposed (IAVO) algorithm than by methods that have been used before. 

5- Use a variety of wireless sensor network applications. 



 

 

Objectives in science: 
1- Presenting research articles that are the result of research successes. 

Power consumption, network life, network throughput, wireless routing protocols, 
and network security are all aspects of WSNs that have been the subject of numerous 
studies. The use of energy is a major issue in WSN communications, and the 
development of a green routing protocol—also known as an energy-efficient routing 
protocol—has a significant impact on the performance of the entire network as well 
as the sensor node's lifespan. The process of determining the best route for the 
transfer and exchange of information between sensor nodes via other nodes is 
known as routing, and its operation is influenced by the topology of the network. To 
put it another way, the performance, quality of service, and power consumption of 
the nodes are affected by whether the locations of the nodes are predetermined or 
distributed at random. Due to the limited resources of sensors—such as limited 
energy, limited processing, and short communication distances—routing has always 
been a major obstacle for researchers [14]. 
It is essential that the routing load processing be evenly distributed among all network 
devices for an energy-efficient network, particularly one with sensor devices. This 
guarantees that more gadgets work for a more extended timeframe. On the other 
hand, if load processing is related to routing and only a subset of network devices is 
taken into consideration, this subset of devices uses energy more quickly and exhausts 
its battery faster than the rest of the network. As a result, other approaches to lowering 
energy consumption are utilized in addition to routing, such as clustering, which is 
utilized in some routing algorithms for the following reasons [10]: 
• Data collection in Cluster Heads (CH) results in energy savings for sensor nodes. 

As a result, irrelevant and additional data are deleted. Due to the shorter 
transmission range in the clusters, the transmission energy can also be reduced 
in nodes with the ability to adjust the transmission power. 

• Because only CHs should be involved in routing to the final destination, routing 
can be simplified. Additionally, it substantially enhances network scalability. 

• Maintains communication bandwidth because sensor nodes, which typically have 
limited energy and communication range, only communicate with CHs and do 
not send any additional messages to one another. 

Proposed System Model 

As a result of the effortlessness of the calculation, we utilized the 
Improved_African_Vulture (IAV) for bunching and the multi-objective particle 
swarm optimization (MOPSO) calculation for steering. As a result, we'll go over this 
approach in detail below. In order to accomplish this, we will first examine the 
clustering structure, objective function, and proposed clustering algorithm. 

The Structure of Clustering 

To group a set with n nodes into k clusters, we use an array with length n and the 
contents of each numeric cell will be between 1 and k. The amount of data in cell i 
actually represent the cluster in which cell i is located. To better illustrate this, let's 
say we have a data set with 10 wake nodes that we want to divide into three clusters. 



 

 

This data set can be clustered as shown in Figure 1. 

10 9 8 7 6 5 4 3 2 1 
1 2 3 1 3 3 2 2 2 1 

Figure 1: An Example of 10 Data Clustering. 

Data samples 1, 7, and 10 are shown as being in cluster 1, while samples 2, 3, 4, and 9 
are shown as being in cluster 2 and samples 5, 6, and 8 are shown as being in cluster 3. 
It is abundantly clear that this structure permits the formation of various clusters. 

Objective Function 

Three issues are addressed in the presentation of the clustering objective function. 
Some of these topics are : 
1- The distance between cluster members: The objective function tries to minimize 

the distance between cluster members . 
2- The energy disparity between members of various clusters: In order to avoid 

having one cluster's energy too high and the other cluster's energy too low, the 
objective function tries to minimize the energy difference between the clusters . 

3- How many clusters can be adopted: the clustering tries to minimize the number 
of clusters, but keeping the facility for traffic flow from the source to the sink 
with minimum number of transition? 

The desired objective function is depicted in Equation (1) 
𝑓𝑖𝑡𝑛𝑒𝑠𝑠 = 𝐶𝑙𝑢𝑠𝑡𝑒𝑟𝐶𝑜𝑢𝑛𝑡 × 𝐸𝑛𝑒𝑟𝑔𝑦𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 × 𝐼𝑛𝐶𝑙𝑢𝑠𝑡𝑒𝑟𝐷𝑖𝑠𝑡𝑎𝑐𝑒 (1 )  

Clustering Algorithim Using (Iavoa) 

An optimization problem that needs an optimal solution can be simulated using one 
of the meta-heuristic algorithms inspired by the behaviour of an animal such as 
African Vulture. The similarity between seeking for food and looking for optimal 
solution is the key for the problem solution [8]. 
In AVO algorithm, the set of vultures which are flying around seeking for the 
nominal prey may represent the problem search space. The African vulture's 
movement can be controlled by four aspects: (1) exploration randomly, (2) local 
search randomly, (3) social learning, and (4) search globally [4]. 
The basic behavior of vultures is exploration randomly, where they flying randomly 
in the space in order to search for their prey. Based on the local search behaviour, 
the vultures try to restrict their search in some regions where they found their prey 
previously. While based on social learning behaviour, the vultures try to acquire 
experiences from other vultures and adapt their search continuously. Based on 
globally search behaviour the vultures try to expand the search space out of their 
locally regions and seeking new regions [22]. 
Initialization for a population of vultures randomly in a search space in the first step 
in the IAVO algorthim. The second step is the vulture's movement along the 
nominated search space and implementing the behaviour rules for optimal solution 
seeking for the optimal solution. Each vulture has its fitness value; this value is 
calculated according to an objective function within the optimization problem under 
study. The success vultures with most large fitness values are chosed to construct 
the next vultures generation [12]. 
The best solution which was found by the adopted algorithm is considered as the 
optimal solution for the problem. Each iterative algorithm has its own stopping 



 

 

criterion, the iterations are continued till one of the stopping criterions have been 
occurred, and the most popular stopping criterion for iterative methods is: maximum 
number of iteration was reached, or fitness achieved with satisfied level [5]. 
Many optimization problems were solved successfully using AVO algorithm, 
including minimization or maximization function-based optimization problems, 
selected features problems, and training for artificial neural network. However, like 
any other optimization algorithm, AVO has its limitations and weaknesses, and 
there is still ongoing research on how to improve its performance [1]. 
As previously stated, the Improved_African_Vulture algorithm is utilized for 
multiple clustering purposes in the proposed approach. The algorithm that 
follows is visible. 
Positive outcomes can be expected when the Improved_African_Vulture algorithm 
is used to cluster the WSN's waking nodes and increase routing protocol energy 
efficiency. Any device that has an average value that is closest to the current device 
specifications is added to the cluster during the clustering process. After clusters are 
formed during the clustering stage, each cluster chooses a cluster. It is the 
responsibility of the cluster head to send messages to the base station from all of the 
devices in her cluster. As a result, clusters participate in shaping the routing path 
and do a lot of heavy lifting for their clusters in terms of energy and processing costs.  
However, as a result, the nodes quickly run out of energy. The proposed method 
selects a new cluster head after some time to prevent damage to the nodes from 
battery power loss. The spark plugs are chosen based on how much battery is left at 
the beginning of each cycle. The network's operational life is extended as a result of 
the uniform distribution of routing requests caused by the rotation of the nodes. The 
branches are chosen at random in the first round because each device will have the 
same amount of energy. 
The IAVOA algorithm's main steps can be summarized as follows: 
1. Set the maximum number of iterations and the population size at initial. 
2. Determine the vulture's fitness value. 
3. For every vulture, select R(i) the appropriate methodology. 
4. perch foundation for the ideal vulture. 
5. update the position of vulture.according to vulture's satiation rate (F),  
6. keep the best position of vulture and update the ability of wellness till reaching 
the largest number of emphasess. 

Routing Algorithm Based Mopso 

Some problems with multi-objective optimization can be solved by Multi-objective 
Particle Swarm Optimization algorithm (MOPSO) which can be defined as a meta-
heuristic algorithm formulated to seek a solution for multi-objective optimization 
problems. It is an extended version of the well-known Particle Swarm Optimization 
(PSO) algorithm, which simulates the social birds flocking behavior as a population-
based optimization algorithm [6]. 
In MOPSO, the set of moved particles around the search space represents the search 
space to find the optimal solutions. A potential solution to the optimization problem 
can be represented by each particle within the population. Each particle has a 
velocity vector that defines its movement in the search space. Each particle's 
position can represent a candidate solution that is calculated using fitness and 
multiple objective functions [18]. 
Population is classified into dominant and non-dominated particles, in MOPSO 
algorithm, a set of non-dominated particles represent multi-objective optimization 



 

 

problem optimal solutions, which are also known as the Pareto front. So, in terms 
of all the objective functions the Pareto front represents a set of solutions that are 
non-dominated by any other solution. The main goal of MOPSO algorithm is 
covering the Pareto front, such that different objectives can be represented by the 
optimal trade-offs [11]. 
By random initialization of particles within a population in the search space, The 
MOPSO algorithm can be started with a first step. Then each particle fitness is 
calculated using a dominance Pareto operator, also all particles objective functions are 
evaluated. Based on particles velocities the positions for each particle is updated and 
the best solutions are found by the algorithm. Till reaching a stopping criterion by 
convergence satisfaction or maximum number of iterations, the algorithm continues 
to iterate. The algorithm found the best solutions known as the Pareto front which 
represent the optimal solutions to the multi-objective optimization problem [16]. 
Many multi-objective optimization problems can be solved effectively by MOPSO, 
including portfolio optimization, design and implementation engineering, and 
scheduling problems. However, MOPSO, like any other optimization algorithm, has 
its limitations, and there is still ongoing research on how to improve its performance 
and scalability [21]. 
The proposed approach employs the multi-objective particle swarm optimization 
(MOPSO) algorithm following K-means clustering to route and select the 
appropriate cluster heads for directing packets to their destination (where more 
than one header per jump is a candidate for packet navigation). The proposed 
approach's objective function for MOPSO is to reduce energy and distance as much 
as possible. Because we value energy more than jumping (that is, we want to have 
less energy, not more jump). 
The particle swarm algorithm is used to direct the packets to their final destination 
and select the appropriate headers and nodes in the path in the following section of 
the fundamental article. In the base article, the goal of PSO is to cut down on both 
the distance and the number of hops. To convert a multi-objective function into a 
single-objective one, a value of Wi weight is multiplied by each goal and then added 
together to get a single-objective value like this: 
Fitness function (routing) = W1 × MaxDist + W2 × MaxHops … (2) 
Steps of the MOPSO algorithm for equation (2). 
1. Beginning. 
2. Set the particles' initial velocity to zero. 
3. Compute the objective standards for all particles in the underlying populace. 
4. Consider each particle's initial position to be its best personal memory. 
5. For each P particle, repeat the steps above. 
6. If there are no particles in the target pool that meet the criteria that are higher 

than the best personal memory P. Add P's best personal memory to the 
collection in the repository. 

P's best personal memory must be used to eliminate any particles that remain in the tank. 
For the specified number of times, perform the following. 
10. To lead a crash out of the tank, select a particle. For each 11, do the following: 

within the populace. 
12. Speed up the particles. 
13. Refresh the particle's position. 
14. Determine the new position's desired qualifications. 
15. Replace the best personal memory with a new one if the new circumstance 

overwhelms it. 
16. Otherwise, in the event that neither of the new situations nor the best personal 



 

 

memory can overcome the other, choose one of them by accident as the best 
personal memory. 

17. For each P particle, repeat the steps above. 
18. In the event that there isn't more than the best private memory P in the molecule 

set with the objective rules. 
19. Add P's best personal memory to the collection in the repository. 
20.P's best personal memory must be used to eliminate any particles that remain in 

the tank. 
21. The end. 

Experiments and Results 

The energy constraint is the most important issue in the wireless sensor networks, 
although there are other considered parameters such as bandwidth, processing time 
and memory. Each node has a battery to drive the sensor. Due to location of node 
sometimes the battery cannot be replaced. Therefore, energy is the main factor for 
specifying the node lifetime. So many proposed algorithms in WSN consider the 
consumption of energy at each node.in fact, loss of energy leads to loss of the node. 

Many proposed algorithms for WSN considered the network lifetime to be the interval 

between the simulation starting instance and the time at which the losing for the first 
node occurred.in addition to the energy. In addition to the majority importance for 
energy parameter, the number of nodes that have remained live in the network is also 
an important factor in algorithm's evaluations. In this paper, the remained energy and 
the number of remaining alive nodes are used for algorithm evaluation. 

Scenario I 

The objective for this scenario is to demonstrate the effect of nodes number on both 

methods (proposed and compared). The performance of both methods will be 
discussed based on Figures 2 and 3.  

 
Figure 2: Average Remained Energy Versus Various Numbers of Network Nodes. 



 

 

 
Figure 3: Number of Remained Alive Nodes for Various Number of Network 

Nodes. 

Referring to Figures (2) and (3), as the number of nodes increasing then the 
remaining energy has increased too, for both methods and also the number of 
remaining alive nodes has increased till the simulation time elapsed. This is clear 
because increasing the number of nodes in the network will support each node with 
more neighbors. Hence, increase in neighbor's node number will give the sending 
node more options for sink selectivity. In other words, increasing the neighboring 
number for the node, lead to different routes is created toward the destination, 
which means reduction in the neighbors traffic loading, which yield to increase the 
remained energy in the nodes, and thus more alive nodes will be remained. In both 

criteria (remained energy and alive node), the evaluation of the proposed approach 

(MOPSO-AVO) performs better than the compared method (GA-PSO) because both 
factors (the remaining energy and the number of alive nodes) showed better values 
than the compared method. 

Scenario Ii 

In the 2nd scenario, the performances of both methods (proposed and compared) 
are evaluated over a specified period of time. The results of 2nd scenario are 
summarized in figures (4) and (5). 

 
Figure 4: Average Residual Energy During the Simulation Period. 



 

 

 
Figure 5: Number of Nodes Remaining During the Simulation Period. 

Referring to figures (4) and (5), as the simulation time increased the average of 
remaining energy as well as the number of alive nodes of the WSN will be decreased. 
It is obvious that as the simulation time increases the number of messages sent 
increased in the network, and hence more energy consumed. By comparing both 
methods, the proposed method results in better performance than the compared 
method. Based on the 2nd scenario, it can be demonstrated how long the network 

can be operated during certain simulation time. The remaining energy and the 

number of alive nodes are inversely proportional to the simulation time period. So, 
the proposed method shows more network reliability than the compared method. 

In this paper, a proposed new clustering-based algorithm to manage a technique for 
routing in IoT wireless sensor networks. This was achieved in light of the advantages 
that clustering of IoT sensor networks has provided thus far. At The improved 
African Vulture evolution algorithm is utilized for network clustering. After network 
clustering and eclipses selection each node connects to minimum distant eclipse. 
After cluster identification the packet routing starts based on proposed multi-
objective particle swarm optimization (MOPSO) algorithm. MOPSO is adopted to 
select the best path for transmission according to criteria based on minimum 
dissipated energy and shortest path from source to sink nodes. 
The proposed algorithms implemented and evaluated using MATLAB program. For 
comparison purposes, the results of a research paper with different algorithms in 
the field of research have been implemented also, and both methods are compared 
in one graph. The current work adopts Two scenarios have been used to explain how 
the proposed method evaluated well. In the earlier scenario the number of nodes is 
varied, while in the latter scenario the aim is concentrated in comparison with the 
stability of adopting methods during an interval of simulation time. The evaluations' 
results for the remaining energy and number of alive nodes for the proposed 
methods showed that it outperformed the other compared method. 
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