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Abstract: Wireless sensor networks (WSNs) are becoming more prevalent in a wide range of uses, 

including tracking the environment, medical care, and military monitoring. Yet, security, energy efficiency, 

and overall efficiency are important concerns for these networks. Ensuring the security of data 

transmission while maintaining energy efficiency is critical for the longevity and reliability of WSNs. This 

paper proposes a novel method to enhance both security and efficiency in WSNs done the integration of 

metaheuristic optimization algorithms. The proposed method leverages advanced optimization techniques 

such as Genetic Algorithms (GA), Particle Swarm Optimization (PSO), and Ant Colony Optimization 

(ACO) to dynamically optimize key parameters, including node deployment, routing protocols, and 

encryption schemes. By optimizing the network topology, routing paths, and energy consumption 

strategies, the algorithm significantly improves data security, minimizes energy usage, and enhances 

network lifespan. The simulation results show that the suggested methodology beats standard methods in 

terms of throughput, security resilience and energy efficiency. The findings highlight the potential of 

metaheuristic optimization algorithms as a robust tool for improving WSN security and operational 

efficiency in real-world applications. 
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1. Introduction 

WSNs have develop a cornerstone in numerous modern applications, including conservational monitoring, 

healthcare, industrial automation, and military surveillance [1]. These networks are made up of tiny, inexpensively 

sensor nodes that collect and transmit data electronically. Due to their ability to operate autonomously and in real-

time, WSNs are invaluable in scenarios where traditional wired infrastructures are impractical. However, despite 

their potential, WSNs face significant challenges, particularly in the areas of security and energy efficiency [2]. 

These difficulties can have a significant impact on the network's efficiency, durability, and dependability, 

particularly in limited in resources contexts. WSNs Security - remains a critical concern in WSNs because of their 

vulnerability to various attacks. Since sensor nodes typically operate in open environments, they are prone to 

malicious intimidations such as snooping, data meddling, and denial-of-service (DoS) attacks [3]. Moreover, 

many sensor nodes are deployed in inaccessible or hostile locations, making it difficult to physically secure the 

network. Ensuring the confidentiality, integrity, and authenticity of the transmitted data is therefore essential. 

Traditional security solutions may not be feasible due to the limited computational power and memory of sensor 

nodes[4]. Thus, novel, lightweight, and adaptive security mechanisms are needed to address these issues without 

compromising the network's performance. Energy Efficiency - Energy is one of the most critical resources in a 

WSN, as most sensor nodes are battery-powered and need to operate for extended periods without human 

intervention[5]. The depletion of a node’s battery reduces the network’s operational lifetime, leading to poor 

performance and coverage. Therefore, energy efficiency is essential for ensuring the network’s longevity. 

Minimizing energy consumption while maintaining high-quality data transmission, ensuring optimal routing, and 

reducing idle listening times are key aspects of energy management in WSNs[6]. This requires designing 

algorithms that can efficiently utilize energy resources, balance the load across nodes, and extend the network's 

operational lifetime. The Need for Metaheuristic Optimization it’s Given the complexity of optimizing both 

security and energy efficiency simultaneously, traditional approaches often fall short [7]. This is where 

metaheuristic optimization algorithms come into play. Metaheuristic algorithms, inspired by nature or human 

problem-solving strategies, have shown great promise in solving complex, multi-objective optimization problems 

like those found in WSNs. These algorithms are capable of providing near-optimal solutions to problems that may 
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be too difficult to solve with conventional methods, especially in large-scale, dynamic environments [8]. They are 

particularly well-suited for WSNs because they can operate in decentralized and resource-constrained settings. 

Several metaheuristic algorithms, including GA, PSO and ACO have been widely explored to optimize various 

aspects of WSNs, such as node placement, routing protocols, and energy-efficient communication [9]. This study 

explores the application of metaheuristic optimization algorithms to simultaneously address the challenges of 

security and energy efficiency in WSNs. Specifically, it aims to develop an integrated approach that optimizes 

[10] critical network parameters, such as node deployment, routing protocols, data transmission, and security 

mechanisms, to achieve a balance between performance and resource conservation. Through this study, we aim 

to demonstrate that metaheuristic optimization algorithms can be a powerful tool to enhance both the security and 

competence of WSN, facilitating their deployment in critical applications where reliability, performance, and 

sustainability are essential [11]. 

2. Proposed Methodologies 

Metaheuristic algorithms have gained significant attention in the field of WSN localization owing to their ability 

to efficiently address complex optimization problems [12]. Unlike conventional optimization techniques that rely 

on problem-specific knowledge, metaheuristics offer a more general approach to guide the search process [13], 

[14]. Metaheuristic algorithms are well suited for WSN localization because they can handle the challenges posed 

by the dynamic and unpredictable nature of wireless sensor networks. One of the key advantages of metaheuristic 

algorithms is their ability to effectively explore and exploit the search space. This is particularly crucial in WSN 

localization, where the node positions are often unknown and must be estimated accurately [15]. Metaheuristics 

use adaptive search strategies to balance exploration (searching for new solutions) and exploitation (exploiting 

promising regions of the search space). This balance permits the algorithms to escape local optima and converge 

towards the global optimum, thereby providing accurate and robust localization results. Another significant 

advantage of metaheuristics is their flexibility and ease of implementation. Metaheuristic algorithms do not 

require explicit mathematical models for the problem, making them applicable to a wide range of WSN 

localization scenarios [16]. Metaheuristic algorithms typically consist of key components that enable them to 

navigate the search space efficiently [17]. The key components of metaheuristic algorithms applied to WSN 

localization are illustrated in Algorithm 1.  

 

Algorithm 1: Metaheuristic for WSN Localization - Input: WSN node positions and localization objectives  

1. Prepare Populace with arbitrary applicant solutions  

2. Appraise Fitness for each contender solution using a fitness function  

3. Set the present best solution as the solution with the uppermost fitness  

4. Repeat until termination condition is met:  

5. Generate new candidate solutions based on search operators  

6. Evaluate Fitness for each new candidate solution  

7. Update the current best solution if a better solution is found  

8. Return the best solution found as the localized positions of the WSN nodes 

  

The specific search operators and termination conditions will depend on the chosen metaheuristic algorithm.  

Based on Algorithm 1, the localization process of this type consists of the following main processes:  

 

a) Initialization: The process begins by initializing a population of candidate solutions that represent potential 

node positions. These solutions can be generated randomly or based on heuristics.   

 

b) Fitness Evaluation: Each candidate solution is assessed using a fitness function that assesses the quality of the 

localization estimates. The fitness function considers factors, such as distance measurements, connectivity 

information, signal strength, and anchor node measurements, to determine the fitness of a solution.  

 

c) Exploration and Exploitation: Metaheuristic algorithms use a combination of searching and exploiting to 

efficiently seek a solution space. Exploration involves exploring new regions of the search space to discover better 

solutions, whereas exploitation focuses on exploiting promising regions to refine and optimize solutions. This 

balance is critical for achieving an accurate and robust localization.  

 

d) Search Strategy: Metaheuristic algorithms employ specific search strategies to navigate the solution space. 

These strategies may include local search operators, such as neighborhood exploration or local optimization, and 

global search operators, such as diversification or intensification. The simultaneous use of these tactics allows the 

algorithm to effectively peruse the solution domain and decide on perfect or nearly-optimal solutions.  
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e) Iteration and Termination: The algorithm iterates through multiple generations or iterations, generating new 

candidate solutions and updating the population based on fitness evaluation. Termination conditions are defined 

to determine when the algorithm should be stopped. These conditions can be the extreme number of iterations 

required to reach a specific fitness threshold or a predefined time limit.  

 

f) Solution Selection: At the end of the execution of the algorithm, the best solution found during the optimization 

process is selected as the localized position of the WSN nodes. The selection process ensures that the algorithm 

converges towards the most promising solution that satisfies the localization objectives.  

 

However, like any optimization technique, metaheuristics have some limitations. One common concern is the 

stochastic nature of these algorithms, which can lead to variable performances across different runs [18]. The 

results obtained by metaheuristics may not always be reproducible and require multiple runs to ensure solution 

robustness and stability. In addition, the performance of metaheuristic algorithms can be sensitive to parameter 

settings, necessitating careful tuning and optimization of these parameters for optimal results. Moreover, their 

generic nature allows researchers and practitioners to adapt to various constraints, objectives, and network 

conditions without significant modifications. This adaptability is predominantly advantageous in real-world WSN 

localization applications, where the environments may change and the number of nodes and anchor nodes can 

vary. Multi-Swarm Optimization (MSO) with TS to improve energy efficiency and routing optimization in large-

scale WSNs. By selecting efficient Cluster Heads (CHs), the system enhances the network lifespan and routing 

optimization. The technique offers advantages such as an increased number of clusters formed, enhanced energy 

dissipation, improved lifetime computation, and reduced packet loss and end-to-end delay. However, clustering 

introduces additional overhead owing to the need for cluster formation, cluster head selection, and intercluster 

communication. Moreover, a different technique was proposed in, [19] which is a fuzzy logic-based Tabu Search 

(TS) algorithm model for increasing the lifetime of WSNs by optimizing energy consumption and distance. 

However, the complexity and sensitivity of the algorithm to parameters, as well as its potential limitations in 

handling network dynamics, should be considered. Furthermore, in the same context as using fuzzy logic, the 

authors in presented a new approach called Fuzzy Particle Swarm Optimization with Tabu Search (FPSOTS) to 

improve indoor localization in WSNs by enhancing the performance of PSO. The proposed approach incorporates 

a tabu search to accelerate convergence, and introduces limit and performance checks within the PSO algorithm. 

Moreover, it utilizes the RSSI method to evaluate the distances between sensors. Different types of searches were 

proposed in, called the Enhanced Cuckoo Search (ECS) algorithm. The proposed ECS algorithm is based on bio-

inspired meta-heuristic algorithms and converts the node-localization problem into an optimization problem. The 

algorithm incorporates an Early Stopping (ES) mechanism that exits the search loop as soon as the optimal solution 

is reached, resulting in improved search efficiency and reduced resource utilization. However, the proposed ECS 

algorithm assumes a centralized architecture, in which all neighboring anchor nodes communicate with a central 

entity. This may limit the scalability and applicability of the algorithm to decentralized or distributed WSN 

environments. Moreover, [20] proposed an upgraded version of the DV-Hop algorithm called Selective 

Opposition [21-24]. Class Topper Optimization (SOCTO) is used for localization in wireless sensor networks. To 

increase localization accuracy, the technique optimizes the computation of the average hop size based on the 

weight of the beacon nodes [25, 26]. The proposed algorithm outperformed the DV-Hop method and similar 

techniques in terms of median localization error.  

 

3. Results and Discussion 

This paper presents a novel routing strategy for data transfer that increases the lifetime of WSN. The data was 

collected using the data collecting block from the NSL-KDD dataset available at 

https://www.kaggle.com/datasets/hassan06/nslkdd. The attack-type identifiers in the NSL-KDD dataset are stored 

in CSV format. The overall number of records selected from every challenge grading group in the beginning KDD 

data set is inversely correlated to the percentage of entries obtained from the respective groups. 
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Figure 1. Analysis of average packet delivery ratio 

 

GA's efficiency is proven by comparison with traditional methods of routing such as PSO and ACO approaches.  

The average PDR is examined to demonstrate the effectiveness of the proposed strategy.  Figure 1 depicts the 

average PDR.  

 
Figure 2. Analysis of average EC 

 

GA's performance is proven by comparison with traditional routing algorithms such as PSO and ACO approaches.  

The average energy usage is measured to demonstrate the effectiveness of the proposed strategy.  Figure 2 

illustrates the study of average EC. 

 
Figure 3. Analysis of average delay 

 

GA's efficiency is proven by comparison with traditional routing algorithms such as PSO and ACO approaches.  

The mean amount of time is measured to demonstrate the effectiveness of this proposed strategy.  Figure 3 

illustrates the analysis of average delay. Figure 3 shows that GA has minimal latency in delivering the packet and 

so achieves high efficiency.  It is obvious that the proposed method has less latency than the other workbench 
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labeling techniques discussed in this suggestion.  The suggested technique is extremely safe, dependable, and 

establishes secure routing in the network by detecting malware nodes. It also has the greatest speed of transmission 

by lowering delay. 

4. Conclusion 

WSNs cannot function properly unless sensor nodes are accurately localized.  Accurate WSN node identification 

is difficult due to the wireless communication properties and the dynamic nature of the network context.  

Optimization algorithms have emerged as a possible strategy for addressing this issue.  The present article gives 

a complete overview of WSN node localization and the use of optimization algorithms. We explored numerous 

localization techniques and examined a wide range of optimization techniques, such as adaptive algorithms, 

swarm intelligence, metaheuristic gets closer, and other optimization-based methodologies.  In addition, we 

assessed and compared various optimization techniques, taking into account accuracy, scalability, computational 

effort, and robustness.  Furthermore, the recommended solutions are centered on creating personalized 

optimization algorithms, combining the SDN approach, and utilizing machine learning for responsive 

optimization. 

References 

[1]. F. Concas, J. Mineraud, E. Lagerspetz, S. Varjonen, X. Liu, K. Puolamäki, P. Nurmi, and S. Tarkoma, 

‘‘Low-cost outdoor air quality monitoring and sensor calibration,’’ ACM Trans. Sensor Netw., vol. 17, 

no. 2, pp. 1–44, May 2021  

[2]. R. Ahmad, M. Hämäläinen, R. Wazirali, and T. Abu-Ain, ‘‘Digitalcare in next generation networks: 

Requirements and future directions,’’ Comput. Netw., vol. 224, Apr. 01, 2023, Art. no. 109599 

[3]. D. Popescu, F. Stoican, G. Stamatescu, L. Ichim, and C. Dragana, ‘‘Advanced UAV-WSN system for 

intelligent monitoring in precision agriculture,’’ Sensors, vol. 20, no. 3, p. 817, Feb. 2020 

[4]. L. Gürgen and S. Honiden, ‘‘Management of networked sensing devices,’’ in Proc. 10th Int. Conf. 

Mobile Data Manag., Syst., Services Middleware, May 2009, pp. 502–507 

[5]. A. Coluccia and A. Fascista, ‘‘A review of advanced localization techniques for crowdsensing wireless 

sensor networks,’’ Sensors, vol. 19, no. 5, p. 988, Feb. 01, 2019 

[6]. L. B. Elvas, B. M. Mataloto, A. L. Martins, and J. C. Ferreira, ‘‘Disaster management in smart cities,’’ 

Smart Cities, vol. 4, no. 2, pp. 819–839, May 2021 

[7]. S. K. M. Abujayyab, R. Almajalid, R. Wazirali, R. Ahmad, E. Taşoğlu, I. R. Karas, and I. Hijazi, 

‘‘Integrating object-based and pixel-based segmentation for building footprint extraction from satellite 

images,’’ J. King Saud Univ. Comput. Inf. Sci., vol. 35, no. 10, Dec. 2023, Art. no. 101802  

[8]. S. Halder and A. Ghosal, ‘‘A survey on mobility-assisted localization techniques in wireless sensor 

networks,’’ J. Netw. Comput. Appl., vol. 60, pp. 82–94, Jan. 01, 2016 

[9]. R. C. Shit, S. Sharma, D. Puthal, and A. Y. Zomaya, ‘‘Location of things (LoT): A review and taxonomy 

of sensors localization in IoT infrastructure,’’ IEEE Commun. Surveys Tuts., vol. 20, no. 3, pp. 2028–

2061, 3rd Quart., 2018 

[10]. J. Kumari, P. Kumar, and S. K. Singh, ‘‘Localization in three-dimensional wireless sensor networks: A 

survey,’’ J. Supercomput., vol. 75, no. 8, pp. 5040–5083, Aug. 2019 

[11]. H. Sahota and R. Kumar, ‘‘Maximum-likelihood sensor node localization  

[12]. using received signal strength in multimedia with multipath characteristics,’’ IEEE Syst. J., vol. 12, no. 

1, pp. 506–515, Mar. 2018.  

[13]. C.-W. Tsai, P.-W. Tsai, J.-S. Pan, and H.-C. Chao, ‘‘Metaheuristics for the deployment problem of WSN: 

A review,’’ Microprocessors Microsyst., vol. 39, no. 8, pp. 1305–1317, Nov. 2015 

[14]. C. Blum, J. Puchinger, G. R. Raidl, and A. Roli, ‘‘Hybrid metaheuristics in combinatorial optimization: 

A survey,’’ Appl. Soft Comput., vol. 11, no. 6, pp. 4135–4151, Sep. 2011 

[15]. R. Hansen, R. Wind, C. S. Jensen, and B. Thomsen, ‘‘Seamless indoor/outdoor positioning handover for 

location-based services in streamspin,’’ in Proc. 10th Int. Conf. Mobile Data Management: Syst., 

Services Middleware, May 2009, pp. 267–272.  

[16]. A. Gogna and A. Tayal, ‘‘Metaheuristics: Review and application,’’ J. Experim. Theor. Artif. Intell., vol. 

25, no. 4, pp. 503–526, Dec. 2013,  

[17]. E. Aretoulaki, S. T. Ponis, and G. Plakas, ‘‘Complementarity, interoperability, and level of integration 

of humanitarian drones with emerging digital technologies: A state-of-the-art systematic literature review 

of mathematical models,’’ Drones, vol. 7, no. 5, p. 301, May 2023 

[18]. X.-S. Yang, ‘‘Metaheuristic optimization: Algorithm analysis and open problems,’’ in Proc. 10th Int. 

Symp., Experim. Algorithms, 2011, pp. 21–32 



 N. Viswanathan.et.al /REST Journal on Emerging trends in Modelling and Manufacturing 8(2), June 2022, 125-130 

Copyright@2022 REST Publisher   130 

 

[19]. A. A. Juan, J. Faulin, S. E. Grasman, M. Rabe, and G. Figueira, ‘‘A review of simheuristics: Extending 

metaheuristics to deal with stochastic combinatorial optimization problems,’’ Oper. Res. Perspect., vol. 

2, pp. 62–72, Dec. 2015, 

[20]. H. Maleki, M. Basaran, G. Özdemir, and L. Durak-Ata, ‘‘Lifetime enhancement in wireless sensor 

networks through a fuzzy logic-based Tabu search algorithm,’’ in Proc. 28th Signal Process. Commun. 

Appl. Conf. (SIU), Oct. 2020, pp. 1–4 

[21]. T. K. Mohanta and D. K. Das, ‘‘Improved wireless sensor network localization algorithm based on 

selective opposition class topper optimization (SOCTO),’’ Wireless Pers. Commun., vol. 128, no. 4, pp. 

2847–2868, Feb. 2023 

[22]. V. Kotiyal, A. Singh, S. Sharma, J. Nagar, and C.-C. Lee, ‘‘ECS-NL: An enhanced cuckoo search 

algorithm for node localisation in wireless sensor networks,’’ Sensors, vol. 21, no. 11, p. 3576, May 

2021 

[23]. E. Tagne Fute, D.-K. Nyabeye Pangop, and E. Tonye, ‘‘A new hybrid localization approach in wireless 

sensor networks based on particle swarm optimization and Tabu search,’’ Appl. Intell., vol. 53, no. 7, 

pp. 7546–7561, Apr. 2023, 

[24]. C. Liu, S. Liu, W. Zhang, and D. Zhao, ‘‘The performance evaluation of hybrid localization algorithm 

in wireless sensor networks,’’ Mobile Netw. Appl., vol. 21, no. 6, pp. 994–1001, Dec. 2016 

[25]. R. Villalpando-Hernandez, C. Vargas-Rosales, and D. Munoz-Rodriguez, ‘‘Localization algorithm for 

3D sensor networks: A recursive data fusion approach,’’ Sensors, vol. 21, no. 22, p. 7626, Nov. 2021 

[26]. H. Li, H. Meng, K. Zheng, and H. Zhao, ‘‘An indoor localization scheme based on data fusion in wireless 

networks,’’ in Proc. 10th Int. Conf. Commun. Netw. China (ChinaCom), Aug. 2015, pp. 807–812 

[27]. H. Qiu, X. Wang, and F. Xie, ‘‘A survey on smart wearables in the application of fitness,’’ in Proc. IEEE 

15th Intl. Conf. Dependable, Autonomic Secure Comput., 15th Intl. Conf. Pervasive Intell. Comput., 3rd 

Intl. Conf Big Data Intell. Comput. Cyber Sci. Technol. Congr. (DASC/PiCom/DataCom/CyberSciTech), 

Nov. 2017, pp. 303–307 

 

 

 

 


