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ABSTRACT


Wireless Sensor Networks (WSNs) are widely applied in domains such as environmental monitoring, healthcare, and defense, where accurate localization of sensor nodes is essential for reliable data interpretation. Despite extensive research, localization continues to face challenges related to energy consumption, scalability, and algorithmic efficiency. This paper presents a systematic review of position computation algorithms, emphasizing how different approaches address these challenges. The analysis highlights key trade-offs, such as accuracy versus energy cost and convergence speed versus computational overhead. It also identifies clear research trends, including a shift from traditional range-based and range-free methods toward hybrid and AI-assisted techniques that enhance adaptability in dynamic environments. Persistent open issues remain, notably handling mobility, achieving robustness under noisy conditions, and enabling deployment in large-scale real-world settings. By synthesizing these insights, the study clarifies the current state of WSN localization, outlines unresolved gaps, and points to future directions for energy-aware, scalable, and learning-driven solutions.
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1. Introduction

Wireless Sensor Networks (WSNs) consist of smart sensors embedded in microcontroller units (Salkuti, 2020). Typically, hundreds of thousands of nodes are deployed to sense environmental data. Without node location information, sensed data becomes meaningless (Sharma and Gupta, 2020). Node locations are obtained through a process called localization. There are two phases of the localization process which are: 1) Distance Estimation phase and 2) Position Computation Phase (Mozamir et al., 2020). In the distance estimation phase, the unknown node calculates the distance between itself and the anchor node. According to Kagi and Mathapati (2021), two methods are used in the distance estimation phase: (a) range-based techniques and (b) range-free techniques. Figure 1 shows the localization process in WSN taxonomy.
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Figure 1. Localization phases


After unknown nodes obtain distance estimates, the next phase is position computation. In this phase, the node runs the localization process. The process of localization produces accurate node location depending on the node position computation algorithms. The accuracy of node localization impacts the quality of the data, network performance and application effectiveness (Aroba et al., 2023). Localization must account for challenges such as two energy constraints, irregular node deployment, and the need for efficient algorithms to estimate node’s locations (Goyat et al., 2019). There are three divisions of position computation which are: 1) traditional, 2) metaheuristics technique and 3) hybrid technique. Traditional techniques include trilateration, multilateration and centroid based (Luomala and Hakala, 2022). Trilateration is estimating node positions based on distance measurements from anchor nodes. Multilateration extends trilateration to use more than three anchor nodes for improved accuracy. Centroid-based techniques compute node positions based on geometric centroids of neighboring nodes. However, all traditional techniques still suffer from large errors (Barrios-Ulloa et al., 2022; Dhanaraju et al., 2022).

Metaheuristic techniques such as Particle Swarm Optimization (PSO) algorithm optimize node positions by simulating particle movement (Guo et al., 2019). Genetic Algorithms (GAs) evolve solutions iteratively to improve localization accuracy (Wang et al., 2023). Simulated Annealing (SA) mimics the annealing process to find optimal node positions (Latha et al., 2023). The third approach is the hybrid technique. A hybrid technique combines traditional and metaheuristic methods to balance accuracy and efficiency. For example, DV-Hop with the Fruit Fly algorithm (Jia et al., 2022), centroid-based with GA (Yu & Yu, 2025) and PSO algorithm with an Artificial Neural Network (ANN) (Gharghan et al., 2016).

The organization of this paper is as follows: Section 2 outlines the motivation behind this article, and reviews related state-of-art literature. Section 3 discusses the methodology of this research paper. Section 4 presents the results and answers the research questions. Section 5 concludes the research and indicates the gaps and future trends.

2. Motivation and Related Works

Several factors motivated the authors to conduct this systematic literature review (SLR). Some SLRs on WSN and localization have already been conducted, however, they are minimally focused on discussing position computation phases. The SLR conducted by Safaei et al. (2020), identify outlier and anomaly detection in WSNs from January 2004 until October 2018. The author selected 117 relevant papers from a subject index collection of 3520. This information helped to reveal the list of frequently used definitions of anomalies and outliers provided by other researchers and to elaborate on these concepts in the context of WSNs. This study also effectively contributed to the existing body of knowledge by focusing on areas of WSNs that had not been discussed previously such as specific related techniques and requirements which have promoted further research.

Metaheuristic optimization techniques in WSNs were reviewed systematically by Gouda et al. (2015) for the period from 2010 to 2020 (inclusive) (Goudarzi et al., 2015). The review followed the guidelines provided by Preferred Reporting Items for Systematic reviews and Meta-Analyses (PRISMA). This study provided different research questions which may be of relevance to WSN optimization. It also categorized the studies and algorithms used and made a comparison with other metaheuristic algorithms. The paper also analyzed the problems that most WSN optimization papers address, including clustering, routing, localization and coverage, enhancing the research community’s understanding of how research is distributed across fields. It incorporated comparative tables and graphs to illustrate the research findings, answer research questions and identify the contributions of the reviewed papers.

Kagi and Mathapati (2021) carried out a comprehensive review of the 35 most recent localization approaches for WSNs. The authors defined the problems concerning localization in WSNs and pointed to the difficulties in this field. This paper provides an account of the organization of the research work with parts such as literature review, research gaps and conclusion. This work compares the adopted methods, characteristics, difficulties, and performance indicators in WSN localization. It also adds something new by discussing the significance of localization algorithms in WSN literature and the requirement for advanced localization models for applications such as surveillance, military, and industries. It focuses on the economic use of WSNs via automatic positioning techniques rather than using expensive hardware such as GPS that is viable for numerous thousands of sensor nodes.

The literature on Wireless Sensor Networks (WSN) and WSN localization is growing, as evidenced by Sneha et al. (2020). In their article, the authors present a general outlook on the WSN localization procedure and categorize localization algorithms under two main categories of localization: the centralized or global and the distributed or local. The paper gives in-depth insight into some of the methods such as Time of Arrival (ToA), Time Difference of Arrival (TDoA), Angle of Arrival (AoA), and Re-ceive Signal Strength Indicator (RSSI) that can be used to estimate distances between nodes. The evalu-ative issues identified as proximity-based, range-based, and range-free localization techniques are discussed extensively to explain the factors that affect measurements, such as path loss, noise, propagation and device measurements, connectivity, power control and tracking. Furthermore, the paper explains that different positioning strategies of Location-based Routing (LR) protocols, which use position data to minimize the protocol’s impact on scalability and the costs arising from intermittent changes in the underlying network topology. These strategies are helpful in determining the node positions in a network.

Soewito et. al (2018) created an SLR more specific to IPS accuracy and deployment during the 2006–2016 timeframe. The author’s article also filled a gap in the literature with regard to methodical work focusing on the analysis and comparison of IPS techniques, precision, and application variants. Specifically, the research question underlying this work claims to investigate the different techniques used, the accuracy rates garnered, and the applications of IPS in the selected set of studies conducted within the mentioned time period. By interacting with elements at the physical layer, it also examines environmental influences on IPS accuracy, including the location of sensors, with greater focus on Bluetooth Low Energy (BLE) devices and Wi-Fi access points. The paper identifies data related to the background study, objects being studied in the domain (accuracy, Wi-Fi, BLE, placement, and RSSI), the hardware used in context localization systems, and the factors affecting accuracy drawn from the full texts of the identified papers.

All the discussed systematic reviews on WSN localization have often focused on a narrow scope evaluating a single type of algorithm, such as metaheuristics or range-free techniques, without consider-ing how these approaches compare with traditional, hybrid, or improved methods. Many of these re-views are also limited to providing descriptive overviews, without making deeper analytical connections between algorithm performance and real-world requirements such as energy efficiency, scalability, or adaptability to changing environments. This review aims to address those gaps by offering a broad, cross-category analysis of node position computation algorithms, comparing their strengths and weaknesses in terms of accuracy, convergence speed, computational demands, and resilience to environmental noise. By synthesizing studies published between 2019 and 2025, we capture the most recent developments, including hybrid models and AI-driven optimization methods while presenting a clear taxonomy and practical insights to guide both future research and industrial use of WSN localization technologies. Table 1 below is the summary of the related studies.


Table 1. Summaries of related studies




	Study References

	Study Focus

	Finding Similar to SLR Result

	Contribution






	(Safaei et al., 2020)

	- Paper reviewed outlier detection in Wireless Sensor Networks between 2004 and 2018.

- SLR methodology was used to evaluate research work on outlier detection.

	- Addressed Research Questions from 117 papers, grouped by relevance.

- Improved taxonomy of outlier detection techniques for WSNs.

	- Common definitions of anomalies and outliers from various researchers.




	(Gouda et al., 2015)

	- Showed that metaheuristic algorithms optimize WSN metrics such as coverage and energy consumption.

- Presented a systematic review of metaheuristic optimization techniques in WSNs between 2010 and 2020.

	- Identified research papers that optimize WSN for various areas.

- Discussed the challenges addressed in WSN optimization research.

Highlighted the need for more exploration in WSN optimization challenges.

	- Showed that metaheuristic algorithms optimize WSN metrics such as coverage rate and energy consumption.

- Guidelines in PRISMA framework were used for systematic literature review.

- Search strategy was designed to identify and examine research papers.




	(Kagi and Mathapati, 2021)

	- Reviewed WSN localization techniques, challenges, and prospects.

- Discussed algorithms for accurate sensor node localization in WSN.

- Carried out a literature survey on localization in WSN and performance evaluations.

	- Carried out a survey on WSN localization techniques, gaps, and challenges for future development.

- Introduced various localization algorithms such as MSFLA, EKF, and MCL.

- Chronologically reviewed research papers collected between 2016 and 2020.

	- Provided a detailed survey of 35 localization techniques in WSNs.

- Introduced optimization algorithms for accurate sensor node localization.




	(Sneha et al., 2020)

	- Reviewed of localization methods in wireless sensor networks.

- Discussed centralized and distributed localization techniques and their applications.

	- Discussed localization methodologies in wireless sensor networks with various techniques.

- Highlighted factors influencing node measurements such as noise, path loss, and connectivity.

- Emphasized the importance of range-free and range-based techniques in WSN.

	- Location-based Routing protocols enhanced scalability and reduced overall costs.

- Discussed localization process, positioning strategies, and network node position estimation.




	(Soewito et al., 2018)

	- Reviewed indoor positioning systems for accuracy using BLE and Wi-Fi.

- Showed sensor placement and fingerprinting are crucial for system accuracy enhancement.

	- 25 relevant publications from 2006 to 2016 were analyzed.

- 14 methods and 2 devices were identified in the research.

- The Fingerprint method was the most popular technique for accuracy enhancement.

	- Focused on IPS research accuracy, methods, and implementation between 2006-2016.

- Analyzed techniques, accuracy levels, and IPS implementation in research.








3. Research Methodology

To guide the review process, the SLR methodology has been selected for this study. The review re-search methodology shown in Figure 1 is a result of this study and was developed based on guidelines for systematic literature reviews provided by Kitchenham (2007). Divided into three stages, namely 1) Preparation, 2) Organization and 3) Result and Discussion. The research methodology consists of a certain number of steps within each stage. The tasks in the preparation stage involve acknowledging the need for the review and identifying research questions. The second phase (Organization stage) has several steps such as search process, screening strategy, and data extraction and synthesis. The last step (Result and Discussion stage), reporting, involves detailed evaluation and discussion of the outcomes. Further specifics of the implementation of each phase and the respective sub-stages can be described in the following subsections. Figure 2 shows the process of methodology.
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Figure 2. Review research methodology


3.1. Preparation

The previous section (Motivation and Related Work) presented a study of earlier review articles, outlining their respective considerations and findings. The review and its analysis showed that current SLRs do not provide sufficient detail on the nature of the current algorithms used for position computation stage localization in WSNs. Thus, this SLR was designed to alleviate such shortcomings by enabling analytical assessments of algorithms and highlighting their importance in terms of constraints, advantages, step-by-step explanation, and capacities to address the peculiarities and challenges of the field. The methodological questions of this SLR were developed based on the study’s main objective. The following Research Questions (RQs) have been formulated, and the rationale for each one of them is provided in Table 2.


Table 2. Research questions




	Research Questions (RQs)

	Motivations






	RQ1: What types of papers are covered by the investigation?

	To identify the different categories of studies in the domain.




	RQ2: Which position computation algorithms are most frequently utilized in WSN and how has this field developed over the years?

	To focus on the existing algorithms that are used for node localization in WSNs, their evolution, and enhancements.




	RQ3: What is the type of proposed algorithm such as Hybrid, Modified or Improved?

	To identify the type of proposed algorithm in previous study.




	RQ4: Which is the main performance used to evaluate node position computation algorithms in WSNs?

	To examine the criteria and measure accuracy, computational complexity (time taken), and to evaluate the efficiency of localization algorithms.




	RQ5: What is the best performance algorithm applied in localization WSN?

	To identify the best algorithm with the lowest localization error.




	RQ6: What are the significant difficulties and restrictions of current node position computation algorithms in WSNs?

	To determine the challenges and limitations that affect the performance of current algorithms and determined areas for improvement.




	RQ7: What is the further research and development in the field of node position computation algorithms for WSNs?

	To find new trends, directions for further research, and ideas in the context of node localization in WSNs.








3.2. Organization

In this phase, a systematic methodology is applied to identify pertinent studies, the approach utilized for selecting the articles to be included, and the process of data acquisition and analysis. The subsequent subsections elaborate on the implementation of each of these stages.

3.2.1. Searching Process

A clear and precise definition of search terms is essential to ensure high-quality and reliable results (Al-Gburi et al., 2021). In this SLR, the process of identification and selection of sources was conducted in a systematic manner to identify and gather all existing studies, related to the specified domain based on two elements: 1) by using different search strings and 2) resources.

The search terms are formulated in this SLR based on the listed Research Questions (RQs) and a standard procedure which consists of the following steps:



1) Recognizing the related keywords of these Research Questions (RQs).

2) Including the expected synonyms and spelling of the term’s alternatives.

3) Checking the appropriateness of the study search terms.

4) Compiling the search terms with Boolean OR or AND operators.



The result for the search strings after following the steps above are:



• (“Wireless Sensor Network” OR WSN) AND Localization

• (“Node positional computation algorithms” OR “Node positioning algorithms” OR “Node location algorithms” OR “Node localization algorithms”) OR (“Wireless Sensor Network” OR WSN) AND Localization

• (Localization OR Positioning OR Locating OR Geolocation) AND (“Wireless Sensor Network” OR WSN)

• (“Wireless Sensor Network” OR WSN OR “Wireless sensor networks” OR ”Sensor networks”)

• (“Wireless Sensor Network” OR WSN) AND Localization AND (Traditional OR Metaheuristic OR “Swarm Intelligent” OR “Swarm Intelligence”)



The second element is resources. In this SLR, three electronic libraries were used to conduct the search process: Scopus, IEEE and Science Direct. These libraries are well-known resources that include either empirical studies or literature surveys in the domains of Wireless Sensor Network (Al-Gburi et al., 2021; Baas et al., 2020; Kitchenham, 2007; and Sweileh, 2018). First, Scopus is an extensive abstracting and indexing international database for peer-reviewed literature comprising only scientific journals, books, and proceedings. It is owned by Reed Elsevier, the world’s leading publisher of scientific, technical, and medical literature (Baas et al., 2020; Sweileh, 2018).

Second, IEEE Xplore is a web-based resource database for technical information and documents; it is developed and maintained by the Institute of Electrical and Electronics Engineers (IEEE) and other partners. IEEE Xplore is an online database that contains information on a range of topics, including patents and standards (Luo et al., 2015).

The third and last search engine is ScienceDirect. ScienceDirect is one of the most extensive full-text scientific databases containing a large amount of scientific and technical information. It is run by Elsevier which is a well-known academic publishing company (Al-Gburi et al., 2021). To gain the precise and latest result, the searches are limited to Five (6) years from 2019 until June 2025.

3.2.2. Screening Strategy

Another aspect to be determined in the research methodology is the study selection strategy for selecting the most relevant studies in the given subject area. After implementing the defined search process, 214 papers were retrieved. To filter these collected studies and identify the most relevant studies in this research domain, the selection process was conducted in two stages: 1) Applying the inclusion and exclusion criteria, and 2) Filtering based on the Quality Standard Questions (QSQs) of the studies. Table 3 displays the inclusion and exclusion criteria that were established. All the collected research studies were screened according to these guidelines.


Table 3. Inclusion and exclusion standard




	Inclusion standard

	Exclusion standard






	Studies must be written in the English language.

	Studies that are not written in English language




	Studies have the potential to answer Research Questions (RQs), as evidenced by their keywords, title, and abstract.

	Studies will avoid duplicating the copies, review paper, and only the complete version included for this SLR.




	Studies address the topic of WSN localization.

	Studies that are not focusing on localization WSN.




	Studies report on the issues, problems and future solutions of WSN localization.

	Studies that are not clearly defined and do not concern WSN localization.




	Gray studies (Unpublished, non-peer reviewed and work in progress)








Research papers on Wireless Sensor Network localization, which provided at least one potential answer to the identified research questions based on the analysis of their titles, keywords and abstracts were included. Papers published in languages other than English, and those focusing on areas other than localization in Wireless Sensor Network (meaning not the actual domain of interest) were excluded. The search process was further refined by performing a duplicate analysis to remove repeated articles and retain only the most recent version.

The Inclusion and exclusion standard have been done to improve the quality of the search and produce final studies. Each of the studies were precisely studied (title, abstract and full content) and evaluated according to the Quality Standard Question (QSQ) in Table 4. The final studies will be scored as follows: yes = 3, moderately = 2, and No = 1. The aggregate of the answers to all the questions determines the study’s overall score. Table 5 shows the Quality Standard Question (QSQ) scores for the results of 34 studies.


Table 4. Quality standard question (QSQ)




	ID QSQ

	QUESTIONS

	SCORE






	QSQ1

	Is the aim of the study clearly stated?

	Yes= 3 / moderate = 2 / no = 1




	QSQ2

	Is the context of the study well defined?

	Yes= 3 / moderate = 2 / no = 1




	QSQ3

	Does the study focus on a RQ in the specified domain?

	Yes= 3 / moderate = 2 / no = 1




	QSQ4

	Are the proposed algorithms in the study well explained?

	Yes= 3 / moderate = 2 / no = 1




	QSQ5

	Did the proposed algorithm improve the localization accuracy compared to the algorithm that had been used for comparison?

	Yes= 3 / moderate = 2 / no = 1




	QSQ6

	Did the proposed algorithm improve the computation time compared to the algorithm that had been used for comparison?

	Yes= 3 / moderate = 2 / no = 1




	QSQ7

	Is the result well explained?

	Yes= 3 / moderate = 2 / no = 1









Table 5. Quality Standard Question (QSQ) scores of the 34 of studies




	Reference

	QSQ1

	QSQ2

	QSQ3

	QSQ4

	QSQ5

	QSQ6

	QSQ7

	SCORE






	(Ji et al., 2019)

	3

	3

	3

	1

	3

	1

	1

	15




	(Sandeli et al., 2021)

	3

	3

	3

	3

	3

	1

	2

	18




	(Li, 2022)

	3

	3

	2

	3

	1

	1

	1

	14




	(Zhou et al., 2024)

	3

	3

	2

	3

	3

	3

	3

	20




	(George and Kirthiga, 2022)

	2

	3

	3

	3

	3

	1

	3

	18




	(Srikanth et al., 2022)

	3

	3

	3

	1

	3

	3

	1

	17




	(Mozamir and Abdullah, 2023)

	3

	3

	3

	3

	3

	3

	3

	21




	(Kou and Wei, 2023)

	3

	3

	3

	3

	3

	1

	3

	19




	(Lekouaghet et al., 2023)

	3

	2

	3

	1

	3

	1

	3

	16




	(Wang et al., 2023)

	3

	3

	3

	2

	3

	1

	3

	18




	(Zhang et al., 2022)

	3

	3

	3

	2

	3

	1

	3

	18




	(Alhasan et al., 2023)

	3

	3

	3

	3

	3

	3

	3

	21




	(Jia et al., 2022)

	3

	3

	3

	3

	3

	1

	3

	19




	(Sun et al., 2023)

	3

	3

	3

	3

	3

	3

	3

	21




	(Ramadevi et al., 2024)

	3

	2

	2

	3

	3

	1

	2

	16




	(Zhang et al., 2022)

	3

	3

	3

	3

	3

	3

	3

	21




	(Liu et al., 2022)

	3

	3

	3

	3

	3

	3

	3

	21




	(Jin, 2020)

	3

	3

	2

	3

	2

	1

	3

	17




	(Kanwar and Aydin, 2024)

	3

	3

	3

	3

	3

	1

	3

	19




	(Pan et al., 2023)

	3

	3

	3

	3

	3

	2

	3

	20




	(Singh and Mittal, 2021)

	3

	3

	3

	3

	3

	2

	3

	20




	(Kathiroli and Kanmani, 2021)

	3

	3

	3

	3

	3

	2

	3

	20




	(Neggaz et al., 2024)

	3

	3

	3

	3

	3

	2

	3

	20




	(Han et al., 2023)

	3

	3

	3

	3

	3

	2

	3

	20




	(Mengash et al., 2022)

	3

	3

	2

	3

	3

	2

	3

	19




	(Liu et al., 2019)

	3

	3

	3

	3

	3

	3

	3

	21




	(Zheng et al., 2023)

	3

	3

	3

	3

	3

	2

	3

	20




	(Jacob et al., 2021)

	3

	3

	3

	3

	3

	2

	3

	20




	(Ram et al., 2021)

	3

	3

	3

	3

	3

	2

	3

	20




	(Baidar et al., 2019)

	3

	3

	3

	3

	3

	2

	3

	20




	(Wu et al., 2020)

	3

	3

	3

	3

	3

	2

	3

	20




	(Latha et al., 2023)

	3

	3

	3

	3

	3

	3

	3

	21




	(Prabha et al., 2025)

	3

	3

	3

	3

	3

	1

	3

	19




	(Yu & Yu, 2025)

	3

	3

	3

	3

	3

	1

	3

	19








Following Table 5, the results were discussed and compared to resolve contradictions and reach a consensus. To enhance the reliability of the outcome, studies with a quality rating of less than 14 (below half of the maximum score of 21) were excluded from this SLR. Therefore, 34 studies were deemed suitable as primary studies for this review. Figure 3 shows the result of the screening strategy.
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Figure 3. Screening Strategy


4. Results and Discussion

4.1. Distribution of Studies (RQ1)

The total number of papers discussed in this SLR is 34, drawn from three electronic libraries: Scopus, IEEE and Science Direct, following the final screening process for this SLR. These studies consist of 11 conference papers (33 %) and 23 journal papers (67 %).

Table 6 presents the summary of the screening process applied in this SLR. Initially, 216 studies were identified across the three electronic libraries. After applying inclusion and exclusion criteria, 39 studies were included, while 177 were excluded. Subsequently, the Quality Standard Questions (QSQ) phase further filtered the studies, resulting in 34 studies being included and 5 being excluded. Figure 4 illustrates the distribution of the final selected studies, showing that approximately 30 % originated from IEEE, 27 % from Scopus, and 2 % from Science Direct. The overall trend between 2019 and 2025 indicates increasing research attention toward localization in WSN.


Table 6. Number of studies after screening strategies




	Electronic Library

	Searching Process

	Screening Strategy Exclusion Including

	Screening Strategy Quality Standard Question (QSQ)




	Included

	Excluded

	Included

	Excluded






	IEEE

	39

	12

	27

	11

	1




	SCOPUS

	86

	25

	61

	21

	4




	Science Direct

	91

	2

	89

	2

	0
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Figure 4. Count of studies over the years


4.2. Frequently positional computation algorithms utilized (RQ2)

    The final collection of 34 studies shows that Particle Swarm Optimization (PSO) and its variants are the most frequently applied algorithms for localization accuracy improvement, as shown in Figure 5 The PSO algorithm proved to be efficient in multidimensional optimization problems (Jun et al., 2016), low computational complexity (Singh et al., 2022), robustness to noise and uncertainty (Han et al., 2023), flexibility and adaptability (Iqbal et al., 2015), and scalability for large networks (Neggaz et al., 2024). Figure 5 illustrates the dominance of PSO-based algorithms in position computation, likely due to their balance of accuracy, scalability, and robustness in noisy environments, which makes them suitable for both static and mobile WSN deployments.
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Figure 5. Frequently utilized position computation algorithms


Figure 5 reveals that Particle Swarm Optimization (PSO) and its variants dominate the WSN localization literature, accounting for a significant proportion of the algorithms reviewed. This dominance can be attributed to PSO’s flexibility in handling both continuous and discrete optimization problems, its relatively simple implementation, and its proven adaptability in noisy and dynamic environments. Over time, however, there is a clear trend toward hybrid approaches that integrate PSO with other metaheuristics such as Whale Optimization Algorithm (WOA), Salp Swarm Algorithm (SSA), and Genetic Algorithm (GA). These combinations often deliver superior performance by balancing exploration and exploitation, leading to reduced localization error and faster convergence rates. The emergence of AI-assisted optimization, particularly in studies from 2023 onward, further indicates a shift toward intelligent hybrid frameworks that adapt parameters dynamically based on environmental feedback.

Ji et al. (2019) focused on the localization problem of scattered nodes. The authors applied the Particle Swarm Optimization (PSO) algorithm combined with least-squares support vector machine (SVM). The proposed algorithm was designed to overcome the blindness and randomness selection of the nodes to be localized with high accuracy. As a result, it improved the localization accuracy.

Unlike Jin (2020) who introduced an improved chaotic particle swarm optimization (CPSO) algorithm for wireless sensor network positioning. This study addressed the susceptibility of received signal strength indication (RSSI) to the environment, affecting the positioning performance of sensor nodes. The compared algorithms are the general weighting algorithm and the traditional PSO algorithm, showing that the improved CPSO algorithm greatly enhances the positioning performance by reducing ranging errors. The results of the research demonstrate that the improved CPSO algorithm outperforms statistical mean least-squares fitting, stepwise regression, and traditional PSO in terms of convergence rate, global convergence, and positioning accuracy. Future work was suggested to address the existing problems in wireless sensor network location research, focusing on security, privacy, energy consumption, cost, practicality, and security positioning. The research from Wu et al. (2020) introduced a hybrid adaptive MCB-PSO node localization algorithm for three-dimensional mobile wireless sensor networks. The problem it addressed was the need for real-time localization algorithms in mobile wireless sensor networks due to node mobility. The algorithms compared in the research were DV-Hop, Centroid, MCL, and MCB. The research results showed that the proposed algorithm achieved the highest localization accuracy, the lowest time consumption, and highest localization rates compared to the other algorithms. It was recommended that future work should focus on enhancing the algorithm’s efficiency in scenarios with high mobility and randomness in wireless sensor networks.

An improved particle swarm optimization algorithm based on simulated annealing (SA-PSO) for large-scale node location in wireless sensor networks (WSN) was proposed by Li (2022). The problem the author addressed was the non-convex optimization challenge in node location in WSN arising from the dynamic and large volumes of data in the Internet of Things (IoT). The compared algorithm in the research is the traditional PSO algorithm, which is prone to premature convergence. The results showed that the SA-PSO algorithm effectively improved the coverage rate, solving speed, and accuracy of node location in large-scale WSN scenarios compared to traditional PSO. Future work involved further enhancing the solution, for better quality and robustness in WSN node location, with suggestions to digitize and discretize the monitoring area to improve the algorithm’s performance.

Alhasan et al. (2023) introduced the Adaptive Mean Center of Mass Particle Swarm Optimizer (AMCMPSO) algorithm for autolocalization in 3D wireless sensor networks. The study aimed to address the problem of localization error and maximize coverage rates in WSN environments, focusing on regular and irregular surfaces. The compared algorithm in the research is the Particle Swarm Optimizer (PSO), chosen for its efficiency, simplicity, and low cost. The results of the research show that AMCMPSO outperformed other algorithms in terms of localization error minimization, coverage rates, convergence speed, and run time efficiency. Future work could involve further optimization of the AMCMPSO algorithm, scalability enhancements, and exploring its application in different network topologies and scenarios. Additionally, an optimized DV-Hop localization algorithm for anisotropic wire-less sensor networks, utilizing the Autonomous Groups Particles Swarm Optimization (AGPSO) algorithm introduced by Han et al. (2023) addressed the poor accuracy and stability of the DV-Hop algorithm under anisotropic networks due to accumulated hop size error and collinearity. The compared algorithm is the traditional DV-Hop algorithm, which demonstrated poor accuracy under anisotropic networks. The research results show good localization accuracy and strong stability under anisotropic networks, indicating that the AGPSO algorithm and weighted least square method are effective in over-coming anisotropic factors. Future work includes exploring new directions in localization research under anisotropic networks, focusing on metaheuristic optimization algorithms and weighted least square methods.

J. Sun et al. (2023) utilized the PSO-DFP algorithm for wireless sensor node localization, combining the advantages of PSO and DFP algorithms. The study aimed to address the accuracy of sensor positioning in wireless communication technology, emphasizing the importance of accurate sensor localization in harsh environments. The PSO-DFP algorithm was compared with traditional localization algorithms, such as DFP and PSO, showing superior performance with an average precision value of 0.9972 meters. The results indicated that the PSO-DFP algorithm had better location accuracy and stability compared to traditional algorithms, with positioning error inversely proportional to anchor nodes, node communication radius, and node density. Future work could involve further optimizing the algorithm by exploring the impact of different parameters such as anchor nodes, communication radius, and node density on the positioning accuracy.

Prabha et al. (2025) proposed an algorithm in the Multi-Agent Reinforcement Learning (MARL) framework combined with Golden Jackal Optimization (GJO) for localization in WSN. The Golden Jackal Optimization (GJO) algorithm adapts dynamically between exploration and exploitation phases, enhancing hyperparameter tuning in non-convex error surfaces. GJO avoids premature convergence, a common issue in traditional optimization methods such as Genetic Algorithm and PSO. The proposed MARL framework minimizes localization error and variability through a reward mechanism, improving adaptability in dynamic environments. GJO’s ability to update solutions based on multiple leaders enhances robustness in dynamic environments. The study demonstrates significant performance gains across various metrics compared to baseline models. Finally, W. Yu & C. Yu (2025) proposed a weighted center-of-mass algorithm based on weight correction to enhance positioning accuracy in WSNs. The algorithm incorporated Gaussian-constant filtering to reduce environmental interference in RSSI values. It also considered anchor node density and communication range to correct weight fac-tors. The chimpanzee optimization algorithm is utilized for selecting optimal unknown node positions. The improved algorithm achieved a minimum average positioning error of 0.14 m. Other algorithms have been stated in Table 6.

In summary, the comparative analysis reveals clear patterns across algorithmic families. Traditional approaches, such as centroid- and distance-based methods, remain computationally lightweight but often suffer from reduced accuracy in irregular deployments. Metaheuristic algorithms, particularly PSO and its hybrids, dominate literature due to their flexibility in balancing accuracy and scalability. However, their tendency to converge prematurely to local optima limits robustness in dynamic environments. Hybrid algorithms mitigate this issue by combining global search with local refinement, while recent AI-assisted methods (2023–2025) demonstrate superior adaptability under mobility and high-density scenarios. This suggests a shift in research focus toward adaptive, learning-driven approaches that address both accuracy and energy efficiency simultaneously.

4.3. Type of proposed algorithm (RQ3)

In this SLR, the final set of studies was categorized into several types of algorithms. According to Shakshuki et al. (2019), traditional algorithms are generally common and well-known methods of solving localization problems. Improved algorithms, by contrast, represent enhancements over traditional methods designed to overcome their limitations. In addition, hybrid algorithms combine multiple localization techniques to leverage their respective strengths and mitigate their weaknesses. Such algorithms often integrate traditional methods with optimization techniques.

As shown in Figure 6, improved and hybrid algorithms are the most frequently applied approaches in WSN localization, with 13 and 14 studies respectively. This prevalence is largely due to their demonstrated ability to enhance accuracy (Mozamir et al., 2020). Traditional localization methods often struggle with accuracy due to environmental factors, multipath propagation, and noise. Improved and hybrid algorithms integrate advanced mathematical models and multiple data sources to significantly enhance localization accuracy (Xue et al., 2017). Secondly, the improved and hybrid type algorithms are robust to environmental variations (Huang et al., 2015). A WSN often operates in dynamic and harsh environments where traditional algorithms might fail. Improved and hybrid algorithms are designed to be more robust against such variations, ensuring reliable performance under different conditions. Moreover, they enable optimization of resource usage in environments with limited energy and computation-al resources. Improved and hybrid algorithms can be optimized for efficient resource use, ensuring longer network lifetimes and more effective operations (Mozamir and Abdullah, 2023).
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Figure 6. Type of proposed algorithms utilized


Improved convergence speed is also a key advantage when applying swarm algorithms. Hybrid algorithms often incorporate optimization techniques that enhance the convergence speed of the localization process, making them more suitable for real-time applications (Sun et al., 2019). For these reasons, improved and hybrid algorithms have an impact on localization and may represent a promising strategy for researchers to address localization challenges in real applications. Meanwhile, traditional or base-line algorithms are still relevant for enhancing results, for example, through the application of weighted center-of-mass algorithm to enhance positioning accuracy and reduce energy consumption in WSN (Yu & Yu, 2025). Gaussian-constant filtering is used to denoise RSSI values, minimizing environmental interference. Furthermore, the research of W. Yu & C. Yu (2025) introduced a chimpanzee optimization algorithm for centroid node localization, improving accuracy. The improved algorithm achieved a positioning accuracy of over 90 % across various node coverages.

4.3.1. Review of Selected Algorithms with Grouped Synthesis

The positional computation algorithms in WSNs can be broadly grouped into three main families: traditional, improved, and hybrid approaches. Traditional methods such as centroid and DV-Hop based localization are valued for their simplicity and low computational cost. Research from (George & Kirthiga, 2022) showed that these approaches generally exhibit low accuracy and face scalability issues when applied to large or complex networks. Improved algorithms enhance single metaheuristics by introducing adaptive parameters or chaotic mechanisms. For example, Liu et al. (2019) and Jin (2020) demonstrated that adaptive and chaotic variants of PSO and WOA provide faster convergence and improved accuracy by balancing exploration and exploitation. However, these methods remain highly sensitive to parameter settings and often lack robustness in noisy or dynamic environments. The most significant advancements are seen in hybrid approaches that combine two or more metaheuristics or integrate optimization with machine learning and reinforcement learning techniques. Studies by Ram et al. (2021) and P. Zhang et al. (2022) reported that such hybrids consistently improve adaptability, reduce localization error, and strengthen resilience in heterogeneous or mobile environments. Latest research from Prabha et al. (2025) proposed reinforcement learning assisted swarm frameworks, which further enhance performance but also increase computational cost.

In summary, while traditional methods remain relevant for resource-constrained applications, improved and hybrid algorithms are driving state-of-the-art performance in WSN localization. The shift toward hybrid frameworks, particularly those incorporating learning-based adaptation, reflects a growing emphasis on scalability, robustness, and real-world deployment readiness.

4.3.2. Trend Analysis Algorithm Applied by Year

The temporal distribution of algorithm types from 2019 to 2025 demonstrates a clear evolution in WSN localization research strategies. Figure 7 shows the evolution of algorithms applied in WSN for localization.
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Figure 7. Evolution Types in WSN Localization Studies (2018–2025)


The evolution of position computation research can be divided into three main phases. The first phase, between 2019 and 2020, focused on incremental improvements to classical metaheuristics. For instance, Baidar et al. (2019) and N. Liu et al. (2019) introduced adaptive parameters and chaotic mechanisms that helped mitigate premature convergence and improved precision. The second phase, between 2021 and 2022, emphasized hybrid strategies that combined swarm intelligence with statistical or heuristic models. The studies of Wu et al. (2020) and Kathiroli & Kanmani (2021) demonstrated that hybrid methods improved robustness and accuracy, while Ramadevi et al. (2024) extended their applicability to mobility scenarios. The third and most recent phase, from 2023 onwards, has been defined by the integration of artificial intelligence into hybrid frameworks. Research from Zhou et al. (2024) explored AI-enhanced particle filter techniques, whereas W. Yu & C. Yu (2025) introduced a weighted centroid model supported by machine learning to increase accuracy and reduce energy consumption. Across all phases, recurring trade-offs are evident: accuracy often comes at the cost of higher energy consumption, faster convergence typically introduces more computational overhead, and scalability tends to reduce localization precision. Despite these advancements, key challenges remain unresolved, including achieving energy efficiency in constrained devices, enabling very large-scale deployments, and validating algorithmic performance in real-world IoT and 6G-enabled WSN scenarios.

4.4. Main performance to evaluate node positional computation algorithms (RQ4)

To evaluate localization, it is essential to evaluate performance with the aim of validating the pro-posed algorithm. Among the 34 studies reviewed, only 5 studies did not consider localization error in their result, focusing instead on convergence rate, ranging error and radius. However, the rest of the studies ran the localization error testing. This shows that localization error is the primary performance metric for node position computation algorithms. It is a critical metric for evaluating the performance of localization algorithms. Localization error is typically quantified in terms of distance and can be influenced by various factors, including signal noise, environmental conditions, and the limitations of the localization method itself (Fang et al., 2017).

Another important evaluation is the convergence rate. A faster convergence rate allows for quicker determination of node positions, which is essential for real-time applications such as environmental monitoring, disaster response, and military operations. In dynamic environments where nodes may move frequently, rapid convergence ensures that the network can quickly update and maintain accurate location information. Besides, in large WSNs with many nodes, slow convergence can lead to significant delays and inefficiencies. A high convergence rate ensures that even large networks can localize nodes efficiently. Rapid convergence allows for the quick deployment and reconfiguration of nodes in varying network sizes and topologies (Ahmad et al., 2024).

4.5. The best performance algorithm applied in localization WSN

Beyond the tabulated summary of performance metrics, our synthesis indicates clear patterns regarding which algorithms achieve superior results under different conditions. The reviewed studies used various criteria to measure performance, most commonly Average Localization Error (ALE), followed by convergence speed, computational complexity, and energy consumption.

Across the 34 reviewed studies, Particle Swarm Optimization (PSO) and its improved or hybrid variants most frequently achieved the lowest ALE. For example, Ji et al. (2019) reported that a PSO-LS-SVM hybrid reduced ALE by 21 % compared to standalone PSO, while J. Sun et al. (2023) demonstrated that PSO–DFP achieved faster convergence with no loss of accuracy in mobile scenarios. Similarly, Han et al. (2023) achieved high robustness against anisotropy using an improved PSO with adaptive parameter control.

Other methods of measurement also showed competitive results in specific contexts. The Enhanced Flower Pollination Algorithm with Gaussian perturbation (EFPA-G) proposed by Zheng et al. (2023) achieved the fastest convergence in large-scale deployments, while Alhasan et al. (2023) recorded the lowest ALE in irregular node distribution scenarios using Adaptive Mean Center of Mass PSO (AMCMPSO). Hybrid approaches combining Salp Swarm Optimization (SSA) and Doppler effect modelling (Kathiroli & Kanmani, 2021), excelled in dynamic networks by balancing accuracy with computational efficiency. Traditional algorithms, such as Genetic Algorithm (GA) and centroid localization, generally did not outperform modern hybrids in terms of ALE but were advantageous in resource-constrained settings where energy or memory was the limiting factor (George & Kirthiga, 2022).

In summary, the best-performing algorithms in the reviewed literature are predominantly hybrid metaheuristics that integrate PSO with another optimization method or AI-based adaptation. These approaches consistently deliver the lowest ALE values (often below 0.5 m in simulation studies) and faster convergence times, making them well-suited for complex and dynamic WSN environments. However, in ultra-low-power or highly resource-limited deployments, lightweight traditional or improved algorithms may still be preferable despite their slightly higher ALE.

4.6. Research Question 6-7

As provided in Table 7, research papers were ordered in descending order according to their year of publication or, where applicable, the year of citation recorded in the source, covering the period from 2019 to 2025. In this table, each research paper is listed, along with the type of algorithm used to address the problem, and its advantages and limitations. Furthermore, the implementation process of the algorithms is discussed, and their performance is compared. This table is particularly useful as it addresses several research questions. A theoretical framework was designed to clearly unify and synthesize the findings from the reviewed studies, as shown in Figure 8
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Figure 8. Theoretical framework



Table 7. Summary of final selected studies on WSN localization algorithms




	Reference

	Algorithm Type

	Key Approach

	Main Strengths

	Main Limitations

	Future Directions






	Baidar et al. (2019); Srikanth et al. (2022)

	Improved WOA / CWOA

	Whale-based metaheuristics with chaos/shrinking encircling

	Improved convergence & accuracy

	High complexity, limited scalability

	Real-world validation, multi-hop routing




	Liu et al. (2019); Jin (2020); Zhang et al. (2022a)

	Improved PSO Variants

	Adaptive/chaotic PSO with hybrid elements

	Enhanced global search, better accuracy

	Sensitive to parameters, limited environment realism

	Improve speed, scalability, distance estimation




	Wu et al. (2020)

	Hybrid PSO with ML/MC

	PSO combined with LS-SVM / Monte Carlo

	Higher accuracy, reduced randomness

	Blind node deployment, high time cost

	Larger sample sets, energy-efficient design




    	Ram et al. (2021); Zhang et al. (2022b)

	Hybrid Swarm + ML

	Random Forest/ANN + PSO/GA

	Exploits hybrid learning & swarm for accuracy

	Scalability & real-time issues

	Deep learning integration, urban IoT validation




	Sandeli et al. (2021); Singh & Mittal (2021)

	Improved Swarm Variants (CSO, TLBO)

	Exploration–exploitation balancing

	Avoids local optima

	Node failure & sensing complexity

	Hybrid approaches for accuracy




	Kathiroli & Kanmani (2021); George & Kirthiga (2022)

	Salp Swarm–based

	Doppler/Supporter salps for robustness

	Robust, low computation

	Indoor impracticality, energy limits

	IoT, 3D WSN localization




	Jacob et al. (2021); Ramadevi et al. (2024)

	Modified Rescue/Lion-Crow

	Hybridized metaheuristics for positioning

	Strong exploration & mobility support

	Coverage, connectivity, energy consumption

	Real-world deployment, energy-aware methods




	Liu et al. (2022); Mengash et al. (2022)

	Hybrid Bald Eagle / Quantum Bird

	Swarm with chaotic mapping, bio-inspired

	Consistent, precise localization

	High computation cost, hop-distance error

	Indoor/underwater WSNs, topology variation




	Mozamir & Abdullah (2023); Kou & Wei (2023)

	Improved TLBO / ISSA

	Balancing exploration and exploitation

	Better convergence & accuracy

	Time consumption, DV-Hop accuracy limits

	Weight-based anchor assignment, faster methods




	Lekouaghet et al. (2023); Wang et al. (2023)

	Traditional SMA / GA

	Classical bio-inspired

	Good convergence & diversity

	Sparse nodes, reliability issues

	Optimize GA search, improve node localization




	Alhasan et al. (2023); Sun et al. (2023); Latha et al. (2023)

	Hybrid PSO/DFP/Bat-SA

	PSO with gradient & sensor fusion

	Accuracy, stability, multi-sensor use

	Energy constraints, uneven nodes

	Energy-efficient localization, ML enhancement




	Neggaz et al. (2024); Zhou et al. (2024)

	Novel Metaheuristics (NOA, Particle Filter Hybrids)

	Exploration–exploitation balancing

	High precision, adaptive search

	Environmental effects, weak robustness

	Optimize sensor count, mixed-noise study




	Kanwar & Aydin (2024); Prabha et al. (2025)

	Hybrid WOA-DL / MARL-GJO

	Deep learning + swarm / reinforcement learning

	Strong adaptability, avoids local optima

	Computational overhead, lack of real-world validation

	Blockchain integration, hyperparameter optimization








For detailed per-paper information, see Appendix Table A. Table 7 above summarizes the key algorithm families, their representative work, strengths, limitations, and future directions. Based on the systematic analysis covering 2019–2025, this review reveals a clear shift from traditional methods to-ward hybrid and improved algorithms in WSN node localization. Since 2021, hybrid algorithms have emerged as the dominant category, leveraging metaheuristics and AI techniques to enhance accuracy, enable dynamic parameter tuning, and accelerate convergence rates. Leading examples such as PSO-LS-SVM, EFPA-G, and MARL+GJO have demonstrated high accuracy even in challenging scenarios such as anisotropy and high-mobility networks. While traditional methods are now rarely used as standalone solutions, they remain relevant as baseline comparators for evaluating new approaches.

In response to RQ6, the most recurrent and impactful challenge in node position computation is environmental variability. Fluctuations in temperature, humidity, and obstacles significantly alter signal strength and distance estimations, introducing noise and non-linearities that make the optimization landscape more rugged. Consequently, optimization-based algorithms, especially particle-swarm-inspired methods, face a high risk of premature convergence where particles are trapped in local optima rather than exploring the global search space. This phenomenon reduces localization accuracy and robustness, particularly in dynamic real-world deployments. Other notable challenges include high energy consumption, limited scalability, and computational overhead, but environment-induced convergence traps remain the most persistent and difficult to overcome.

Addressing RQ7, this review highlights that the trend toward hybrid AI-assisted methods opens promising avenues for further research in multi-sensor fusion, energy-aware optimization, and context-adaptive learning. Despite progress, research gaps remain in addressing field anisotropy and highly dynamic environments. Thus, this SLR not only synthesizes the current algorithmic landscape but also offers strategic guidance for future innovations in WSN localization.

5. Conclusion

This study has systematically reviewed node position computation algorithms for localization in wireless sensor networks (WSNs), highlighting the progression from traditional range-based and range-free approaches toward more sophisticated hybrid and AI-driven techniques. The review synthesizes how different algorithmic families address localization challenges, identifies their comparative strengths, and maps the research trajectory up to 2025. Hybrid approaches emerge as the dominant di-rection, offering improved adaptability, accuracy, and resilience compared to classical and improved single-metaheuristic models.

Despite this progress, several significant challenges and restrictions (RQ6) persist. Hybrid algorithms often demand substantial energy and computational resources, which restrict their suitability for deployment on resource-constrained sensor nodes. Scalability limitations remain unresolved, as performance gains tend to diminish in very large or heterogeneous networks. Node mobility and dynamic environments are still insufficiently addressed, with most evaluations carried out under static or idealized assumptions. Moreover, the lack of real-world validation raises concerns about the generalizability of findings beyond simulation settings.

Future research should therefore consider a broader and more practical agenda in line with RQ7. Promising directions include the development of lightweight, energy-aware algorithms optimized for constrained devices; the deployment of real-world testbeds to evaluate robustness under realistic environmental conditions; and the integration of localization with next-generation IoT and 6G infrastructures to support high-density, dynamic, and heterogeneous networks. Additional priorities include incorporating context-aware mechanisms, designing cross-layer optimization frameworks, and exploring secure and privacy-preserving localization to enhance trust in practical applications.

In conclusion, while hybrid and AI-driven localization algorithms represent a substantial advancement, addressing the persistent barriers of energy consumption, scalability, mobility, and real-world deployment will be critical for their transition from experimental promise to practical utility. By strategically expanding research into lightweight design, testbed validation, and integration with future communication paradigms, the field can move toward the realization of robust, efficient, and widely deployable WSN localization solutions.
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