









	[image: images]
	Computers, Materials & Continua
	[image: images]






DOI: 10.32604/cmc.2024.054938

ARTICLE

Elevating Localization Accuracy in Wireless Sensor Networks: A Refined DV-Hop Approach

Muhammad Aamer Ejaz1,*, Kamalrulnizam Abu Bakar1, Ismail Fauzi Bin Isnin1, Babangida Isyaku1,2,*, Taiseer Abdalla Elfadil Eisa3, Abdelzahir Abdelmaboud4 and Asma Abbas Hassan Elnour3

1Department of Computer Science, Faculty of Computing, Universiti Technologi Malaysia, Johor Bahru, 81310, Malaysia
2Department of Computer Science, Faculty of Computing and Information Technology, Sule Lamido University, P.M.B. 048, Kafin Hausa, 741103, Nigeria
3Department of Information Systems-Girls Section, King Khalid University, Mahayil, 62529, Saudi Arabia
4Humanities Research Center, Sultan Qaboos University, Muscat, 123, Oman

*Corresponding Authors: Muhammad Aamer Ejaz. Email: aamerejaz1990@graduate.utm.my; Babangida Isyaku. Email: bangis4u@gmail.com

Received: 12 June 2024; Accepted: 19 August 2024; Published: 15 October 2024


Abstract: Localization is crucial in wireless sensor networks for various applications, such as tracking objects in outdoor environments where GPS (Global Positioning System) or prior installed infrastructure is unavailable. However, traditional techniques involve many anchor nodes, increasing costs and reducing accuracy. Existing solutions do not address the selection of appropriate anchor nodes and selecting localized nodes as assistant anchor nodes for the localization process, which is a critical element in the localization process. Furthermore, an inaccurate average hop distance significantly affects localization accuracy. We propose an improved DV-Hop algorithm based on anchor sets (AS-IDV-Hop) to improve the localization accuracy. Through simulation analysis, we validated that the AS-IDV-Hop proposed algorithm is more efficient in minimizing localization errors than existing studies. The AS-IDV-Hop algorithm provides an efficient and cost-effective solution for localization in Wireless Sensor Networks. By strategically selecting anchor and assistant anchor nodes and rectifying the average hop distance, AS-IDV-Hop demonstrated superior performance, achieving a mean accuracy of approximately 1.59, which represents about 25.44%, 38.28%, and 73.00% improvement over other algorithms, respectively. The estimated localization error is approximately 0.345, highlighting AS-IDV-Hop’s effectiveness. This substantial reduction in localization error underscores the advantages of implementing AS-IDV-Hop, particularly in complex scenarios requiring precise node localization.
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1  Introduction

Node localization is a crucial element in various WSN applications. Numerous algorithms have been designed [1,2] to determine the precise positions of SNs. However, the role of GPS in this process is often hindered by environmental or hardware constraints [3], dense urban environments [4], and mountain regions [4]. In these situations, the absence of GPS signals requires the development of cost-effective and efficient localization methods [5]. The diversity of range-based [6] algorithms in WSNs, which calculate the distance between nodes, is evident in their various types: received signal strength (RSS), time difference of arrival (TDOA), time of arrival (TOA), and angle of arrival (AOA). On the other hand, the range-free algorithms [7] include the Distance Vector Hop (DV-Hop) algorithm and the Centroid and Amorphous algorithm. The range-free algorithms require knowledge of the connectivity between nodes without any reliance on additional hardware [8]. DV-Hop is a range-free technique that has the added benefit of being low-cost and easy to implement, without any extra hardware requirements for wireless sensor network nodes [9–11]. In recent years, many researchers have proposed enhanced DV-Hop techniques to address the localization accuracy issue [11–13]. Despite advancements, existing methods still have critical shortcomings that motivate this research:

1)   Optimum anchor node selection: Many DV-Hop techniques fail to select optimized anchor nodes, leading to significant localization inaccuracy [13,9].

2)   Assistant anchor node selection: Enhancements often select all localized nodes as assistant anchor nodes, impacting localization accuracy. The ratio of nodes involved in localization is not sufficiently addressed [14,15].

3)   Average hop distance calculation: Existing methods lack a refined average hop distance calculation, leading to imprecise localization. Incorporating a correction factor is essential for improving accuracy [9].

In this work, we address two issues related to localization accuracy. First, we explore selecting the most appropriate anchor nodes to enhance localization accuracy. Second, our research explores methods to enhance localization by upgrading localized nodes to serve as assistant anchor nodes since the proportion of anchor nodes directly impacts the accuracy of localization. We suggest further integrating a correction factor for average hop distance to refine localization accuracy. The key contributions of our study are summarized as follows:

1)   We are introducing AS-IDV-Hop, a method to select the most appropriate connected anchor node, enhancing localization accuracy.

2)   It proposes an upgrading technique to elevate localized nodes to assistant anchor nodes, bolstering localization accuracy. This is particularly crucial as the proportion of anchor nodes influences accuracy.

3)   We introduce an average hop distance calculation method that incorporates a correction factor accounting for the precise positions of anchor nodes. This refinement ensures more accurate localization outcomes.

Furthermore, the proposed technique removes the collinearity phenomena from the anchors that play a part in the localization process. The proposed algorithm’s first stage is similar to the traditional algorithm but involves selecting anchor and assistant anchor nodes for the localization process. In the algorithm, the average hop distance is adjusted in the second step, followed by position estimation in the third step [16]. The paper structure is as follows. Related work is discussed in Section 2. Section 3 presents traditional DV-Hop and a proposed algorithm called AS IDV-Hop. Section 4 illustrates the effectiveness of the suggested approach through simulation results. The findings are accomplished in Section 5.

2  Literature Review

This section describes the enhanced DV-Hop localization model and provides an overview of two existing localization methods. Connectivity information and anchors’ position are used to estimate the nodes’ location in range-free schemes [13,14]. The proportion of anchor nodes can be adjusted based on the network’s connectivity [15]. An unknown node’s position estimation with anchors requires efficient utilization of anchors and network resources [17]. The selection process of anchor nodes for the localization is based on maximum connectivity because these groups of anchor nodes cover all the unknown nodes. The sub problem that usually causes a negative impact on localization accuracy is the collinearity phenomenon [18], the accuracy of localization is impacted when all nodes are aligned in a straight line, which influences the localization process.

An enhanced version of DV-Hop has been created to effectively handle the mobility of anchor nodes and the movement of unknown nodes. Through anchor coordination, the algorithm forms the backbone called Minimum Connected Dominating Set (MCDS) [19,20] of the network, efficiently utilizing network resources to estimate the positions of unknown nodes. The algorithm’s primary goal is to use anchor nodes efficiently. The Friis free space propagation model calculates the distance between unknown and anchor nodes to account for mobility. Maximum connected anchor nodes to unknown nodes within one hop distance are selected as the network’s backbone. However, the propagation model assumes a straight-line link between the transmitter and receiver, which is only sometimes the case due to environmental factors. The selection of anchor nodes does not consider the degree of collinearity. If the nodes are collinear, it can affect the position estimation accuracy, and all nodes may not be within one hop away from the anchor nodes in the real scenario [17].

Sparse connectivity decreases the probability of accurate localization in a network [21]. Range-free localization algorithms are less expensive and simpler to implement, but their accuracy is often poor due to the limited number of anchors in networks. To address this challenge, various improved schemes based on DV hop and RSSI have been introduced to estimate the node positions [22]. The density of anchors is a crucial parameter in range-free schemes [23]. To localize all the nodes in a network using range-free schemes, 20%–40% anchors are required [22]. Selecting the right group of assistant anchors participating in the location estimation can significantly impact localization accuracy. A proposed solution uses an error control mechanism that relies on specific geometric features to prevent errors from spreading and accumulating in a network. This mechanism selects which nodes should participate in localization to estimate unknown nodes’ locations. However, substantial anchors must be deployed to ensure that every unknown node in an extensive network can be located. Unfortunately, adding extra anchor nodes can result in additional expenses related to hardware, deployment, and maintenance [22].

In iterative localization, the localized nodes in the first round successfully become assistant anchor nodes. Due to cost constraints, the key factor determining network quality is energy utilization. Localization needs to be achieved with a smaller number of iterations [24]. It is supposed that, in the DV-Hop scheme, nearby anchors provide more accuracy in localization. However, they do not provide accurate location estimation if the anchors are near other anchors. Regarding location estimation precision, hop size from some anchor nodes has more influence [25].

Cao et al. [11] proposed a technique in which the hop count mechanism is modified from an integer value to a decimal value. This is achieved by altering the communication range of anchor nodes through conciliation between nodes. By refining the hop count in this way, the accuracy of the distance between anchor nodes and unknown nodes is improved. Sun et al. [26] proposed a technique that incorporates the 2D hyperbolic algorithm in the third step of the traditional DV-Hop algorithm to enhance localization accuracy. Wang et al. [27] proposed a technique in which cross-domain information is used to estimate the distance between anchor nodes and unknown nodes, and multiple anchor nodes are used for localization. The metric of hop loss is introduced to enhance the localization accuracy and minimize the difference between actual position and estimated position and Euclidean distance loss. The hop loss is incorporated into the algorithm, and the loss of Euclidean distance is calculated using the proposed technique.

A subset-based anchor node selection method is proposed to decrease the localization error [9]. A new strategy is proposed to decrease the error in coordination estimation of unknown modes. The improved DV-Hop concludes the subset of anchor nodes, improves hope distance, and concludes the subset broadcast to the unknown nodes. The MOANS DV-Hop does not consider the collinearity phenomenon for improvement in localization accuracy. Collinear anchor nodes have a significant impact on location estimation.

Numerous factors affect average hop distance (AHD) and lead to the multipath effect, such as walls, equipment, human beings, and electromagnetic wave propagation. Walls and other structures cause a fluctuation in RSSI [28]. Interference affects positioning accuracy. A proposed improved DV-Hop hybrid that uses the correction of hop distance to consider the relation between localization accuracy and network topology. The proposed method uses the RSSI value within a single hop to determine the distance between anchor nodes and unknown nodes. The correction value is added to the original hop distance between unknown and anchor nodes to decrease the distance error between them. However, the coverage and increased accuracy of the localized nodes still need to be upgraded to assistant anchor nodes [21].

Li et al. [29] proposed a non-ranging node localization method for irregular regions, utilizing the PSO algorithm and anchor node pair selection. Phoemphon et al. [30] introduced a hybrid localization model using node segmentation and improved PSO for WSNs. Han et al. [31] enhanced accuracy through RSSI value conversion and DV-Hop with differential evolution (DE) algorithms to address average hop distance errors.

In their study, Kaur et al. [32] introduced a weighted centroid localization algorithm for randomly deployed Wireless Sensor Networks (WSNs). Kanwar et al. [33] presented an innovative multi-hop algorithm known as ML-EN, designed to address challenges posed by unevenly distributed nodes. Kanwar et al. [34] developed an accurate deep learning (DL) method for DV-Hop localization in the Internet of Things (IoT) using the whale optimization algorithm (WOA). This approach utilizes a deep neural network (DNN), and simulations demonstrate its superior positional accuracy. Additionally, the proposed non-ranging method may offer greater adaptability to the diversity and complexity of real-world WSN environments.

Table 1 compares the advantages and disadvantages of existing approaches, and Table 2 compares research quality across four metrics: resource utilization, upgrading of assistant anchor nodes, cost, and correction of hop size. It is worth noting that current studies only address a subset of these parameters.
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3  Design of Proposed Solution

The proposed solution includes the fundamentals of the traditional DV-Hop in the first segment and anchors an optimum set-based localization procedure in the second segment. The second section includes the elimination of the collinear anchor nodes from the localization process and the construction process of the backbone of the network by pruning the less connected anchor nodes. The connection between these subsections involves a systematic approach to hop counting, average hop distance calculation, MCDS construction, and optimization through pruning. Each subsection contributes to the overall localization process, ensuring efficiency and accuracy in estimating the coordinates of unknown nodes. Fig. 1 depicts the process flow of the proposed approach.
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Figure 1: Workflow of the proposed method

The DV-Hop method was initially introduced in 2003 [7]. It faces several challenges related to accuracy, environmental factors, mobility, and computational overhead; DV-Hop has gained widespread adoption in several uses due to practicality, stability, simplicity, and minimal hardware necessities [35]. A concise summary of the original DV-Hop is provided [16]. There are three fundamental phases of traditional DV-Hop.

3.1 The Fundamental of DV-Hop

DV-Hop is a localization algorithm used in wireless sensor networks. In this algorithm, nodes contribute to distance estimation in a hop-by-hop approach. This algorithm is useful in situations where accurate location information is essential.

3.1.1 Hop Counting between Anchor Nodes and Unknown Nodes

Broadcasting is used to count the minimum hops among the unknown nodes and the anchor nodes. Anchor nodes (N) in the network establish a table containing the coordinates of every anchor and the corresponding number of hops from the node itself and every anchor node. In the first phase, every anchor transmits a message throughout the network, flooding information about the anchor’s location and initializing the value of the hop to one by using Eq. (1).

AnchorsNi={(Nj,LocationNj,1)}(1)

Every receiving node tracks the smallest hop value for each anchor by analyzing all the anchors it receives using Eq. (2).

MinHopsNk=min(MinHopsNk,HopsNj)(2)

Anchors with high hops values directed to specific anchors are considered outdated and disregarded. Eq. (3) ensures that every unknown node obtains the minimum hops from every anchor node.

MinHopsNk={MinHopsNkif HopsNj>MinHopsNkHopsNjotherwise(3)

The message is transmitted sequentially from one node to another, and the hop counts are recorded from every anchor to every subsequent node. Every node possesses a counting table that keeps track of the minimum hops required to reach the anchor node.

3.1.2 Estimation of Average Hop Distance from Unknown Node to Anchor Nodes

In the second phase of traditional DV-Hop, the average hop distance is determined based on the number of hops counted in the first phase. Average hop distance estimation uses Eq. (4), derived from the hop count information calculated in the first phase.

HopSizei=∑i≠j(Xi−Xj)2+(Yi−Yj)2∑i≠jhj(4)

In Eq. (4), HopSizei represents the average hop distance, Xi, Yi and Xj, Yj denote the coordinates of i and j nodes. hj indicates the hops count that are MinHopsNk.

3.1.3 Calculate the Coordinates of the Unknown Node

Assume that the coordinates of the unknown node u are represented by (y,z), while the coordinates of the i-th anchor node are represented by (yi,zi) (1≤i≤n); additionally, let di(1≤i≤n) denote the distance between the i-th anchor node and unknown node u. If a minimum of three distances that have been calculated in Step 2, the unknown node’s coordinates may be determined using Eq. (5).

(x−x1)2+(y−y1)2=d12(x−x2)2+(y−y2)2=d22..(x−xn)2+(y−yn)2=dn2(5)

3.2 Anchors Set-Based Improved DV-Hop Algorithm

Minimum Connected Dominating Set (MCDS) [36] has been introduced for anchor and assistant anchor nodes; the proposed technique is based on three phases. Firstly, searching to build a dominating set; secondly, connectors are identified; and finally, the MCDS prunes method is applied. The pruning method minimizes the size of the MCDS of assistant anchor nodes by covering all the unknown nodes. The node failure due to power constraints is also considered. In the proposed methodology, only those assistant anchors are selected to play a part in the localization process, which has maximum connectivity and is not greater than one hop away from the unknown node. The assistance anchors establish a dominant set to locate unknown and isolated unknown nodes. Pruning is used to reduce nodes’ dual occurrence and lower the dominant set’s size, thereby avoiding repetition.

Broadcast a message to calculate the connectivity of the anchor node by using a threshold value. The threshold value in the proposed methodology is two. Check the connectivity level of the node up to two hops. Within a one-hop distance, two nodes have the same level of connectivity. That is why we need to check the connectivity level for two hours. When implementing the algorithm in the simulator, try to increase the threshold value at more levels to choose the best assistant anchor node for full coverage of the localization network by considering the ratio of communication overhead. An assistant anchor node is selected based on the distance among assistant anchor nodes selected to perform the localization process, which should be as similar as possible. Also, consider the position of assistant anchor nodes; removing those assistant anchor nodes will minimize the internal angle of the triangle.

In large-scale network environments [37], irregularity of radio signals is a common phenomenon in WSNs—the obstacles in the middle of transmission cause the irregularity of radio signals. The irregularity of radio signals has a significant impact on localization accuracy and network coverage. In comparison, localization applications need high coverage and connectivity. The previously proposed technique [38] uses a log-normal shadowing path loss model to calculate the distance among the nodes. The log-normal shadow model describes the signal fading for the propagation of the signal [39]. Eq. (6) is used in the proposed methodology to calculate the distance between anchor nodes, assistant anchor nodes, and unknown nodes.

RSS(d)(dBm)=Ptr−Ploss(do)+10τlog10ddo(6)

The variable “d” represents the distance between the sending and receiving nodes. “RSS(d)” refers to the received signal power of nodes placed at a distance of “d”. “do” is the referenced distance. “Ptr” denotes the transmitting power. “Ploss(do)” represents the path loss for “do”. “τ” indicates the loss exponent in the path, and its value depends on the propagation environment. The variable Xσ′ represents the noise in RSSI, and it follows a Gaussian distribution with a mean of zero and a standard deviation of σ. The suggested technique utilizes the log-normal shadowing model to estimate the distance between unknown and coordinate nodes.

3.2.1 Collinear Anchor Nodes

Localization accuracy is influenced by the collinearity phenomenon, which occurs when nodes are aligned in a straight line during localization. If unknown nodes have two anchor nodes, an assistant anchor node collaborates to estimate their positions. Zhang et al. [18] proposed a mechanism to select anchor nodes that satisfy collinearity and threshold requirements. The proposed algorithm excludes collinear anchor nodes from the dominating set.

3.2.2 Prune Process

Sometimes, a single unknown node might be connected to more than one anchor node. A pruning method prevents redundancy and ensures that the dominating set (D) is formed with the fewest anchor nodes. It ultimately provides the MCDS as the backbone to localize the unknown nodes.

In Fig. 2a, the flow chart illustrates the complete localization process; in Fig. 2b, the flow chart illustrates the pruning process. After initialization, the minimum hop count is calculated using a traditional DV-Hop algorithm. After that, the minimum connected dominating set construction process starts. In this process, the pruning algorithm calls to prune the dominating set for the localization process on the constraint of collinearity and connectivity of the anchor nodes. In our given scenario, Fig. 3, let us consider the anchor node labeled ‘2’, which shows the highest level of connectivity with the unknown nodes, having six nodes within its range. Consequently, in the initial iteration, anchor node ‘2’ is included in the dominating set. Similarly, nodes ‘1’ and ‘3’ also join this set. Together, these anchor nodes (1, 2, and 3) effectively cover all the nearby unknown nodes. As a result, there’s no need to add anchor nodes ‘4’ and ‘5’ to the dominating set.
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Figure 2: Flow charts of proposed DV-Hop algorithm: (a) AS-IDV-Hop algorithm, (b) prune process
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Figure 3: Minimum connected dominating set (MCDS)

The dominating set is connected and covers the minimum number of nodes; in this case, three out of the five anchor nodes are efficiently connected. This minimal selection of anchor nodes meets the trilateration’s minimum requirement, effectively covering all the unknown nodes. This property designates it as the MCDS.

Localized nodes were upgraded as assistant anchors to enhance the location estimation accuracy based on the minimum localization error of localized nodes and upgraded as assistant anchor nodes by using the RSSI-based distance because the nearest assistant anchor node of an unknown node significantly impacts location estimation—average hop distance correction made in the second step of the algorithm. Average hop distance had a significant impact on location estimation.

The average hop distance is corrected by adding a correction factor that consists of the actual location of anchor nodes and the distance between anchor and assistant anchor nodes.

hopsize=dij[dijR](7)

The distance between anchor node “i” and unknown node “j” and “R” is the communication range.

dij=(hopsize×hopsij)+α⋅norm(loci−locass,i)(8)

The aim is to improve the average hop distance by adding the correction factor in equation Eq. (8), while the hop size is calculated from Eq. (7) while α is the scaling parameter for the correction factor. “loci” is the actual location of anchor node and “locass” location of the assistant anchor node related to anchor. Average hop distance correction decreases the accumulated location estimation error and increase the location estimation accuracy.

4  Simulation and Performance Evaluation

For the simulation of the proposed methodology, the simulation area is 100 m × 100 m and 200 m × 200 m. The anchor nodes for the localization process and unknown nodes are randomly and evenly deployed. The simulation parameters [17] are listed in Table 3.
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The three parameters, the number of anchor nodes, the number of unknown nodes, and the communication range, diverge after a specific range while the simulation area is not changed. In a natural environment, the node’s communication radius is unequal due to attenuation, signal direction, and node residual energy. The communication error is set to 0% to 30%.

4.1 Simulation Parameters and Performance Evaluation Metrics

For the simulation of the proposed methodology, the simulation area is 100 m × 100 m and 200 m × 200 m. The anchor nodes for the localization process and unknown nodes are randomly and evenly deployed. The simulation parameters are listed in Table 3, which is set for simulation, and the three parameters, the number of anchor nodes, the number of unknown nodes, and the communication range, diverge after a specific range. In contrast, the area of simulation is not changed. In a natural environment, the node’s communication radius is unequal due to attenuation, signal direction, and node residual energy. The communication error is set to 0% to 30%.

4.1.1 Average Localization Error

The primary performance metric of localization is ALE (Average Localization Error) calculated by Eq. (9).

ALE=∑i=1ANs−UNs(xiact−xiest)2+(yiact−yiest)2(ANs−UNs)×R(9)

In this equation, ANs denote the number of anchor nodes, UNs denotes the number of unknown nodes, while the (xiact−xiest) and (yiact−yiest) are the actual and estimated coordinates of nodes.

4.1.2 Accuracy

Accuracy (Zafari et al. [40]) is the main key to evaluating of localization techniques. To estimate how accurately a system locates the calculated objects, Sun et al. [41] provided the following Eq. (10):

γ=∑i=1Num(xitrue−xiest)2+(yitrue−yiest)2Num×R(10)

The variables (xitrue, yitrue) denote the real position of an unknown node i, whereas (xiest, yiest) indicate the estimated coordinates of the same unknown node i, as computed via localization methods. “Num” represents the total count of nodes with unknown values, whereas R is the maximum distance within which sensor nodes can communicate. Moreover, variance is calculated by using Eq. (11). σ2 is the variance, N is the number of data points, xi represents the individual data points and µ is the mean of data points.

σ2=1N∑Ni=1(xi−µ)2(11)

4.1.3 Coverage

The coverage [42] is to evaluate the localization techniques. The coverage means how many network nodes will be localized in the network. There is a need to pay attention to adding other nodes within the network after the completion of the initial localization algorithm. Coverage refers to the proportion of nodes deployed within the network, aiming to localize the entire network, regardless of the accuracy of the localization process. The proposed algorithm 99% localizes the unknown nodes.

4.1.4 Cost

The cost [40] of the localization algorithm refers to various substances such as the ratio of anchor nodes, cost of communication, computation complexity cost, consumption of energy, and special software and hardware required by every node. Ideally, the localization system should not increase the infrastructure cost. The complexity of the algorithm can be explained in big O notation which is the standard notation of complexity of computation in space and time. Need to consider how long the algorithm runs before estimating the locations of unknown nodes, and how much storage is required for those calculations. The AS-IDV-Hop algorithm, though more complex than the traditional DV-Hop algorithm [43], offers significantly improved localization accuracy. Our proposed solution strikes a balances accuracy and complexity, parallel to the findings presented by Kumar et al. [17]. In this regard, both Kumar et al.’s algorithm and our proposed algorithm exhibit similar complexities. However, it’s worth noting that the algorithm introduced by Rayavarapu et al. [9] carries a higher time complexity than our proposed approach. Proposed algorithm’s complexity is denoted as O(A2×U), where A represents the number of anchor nodes and U stands for the number of unknown nodes. We assess the algorithm’s performance based on these three factors, ratio of anchor nodes, ratio of unknown nodes and communication range of nodes in the network.

4.2 AS-IDV-Hop Algorithm Advantage

Localization accuracy is compared with three algorithms: the traditional DV-Hop algorithm by Niculescu et al. [7], the improved DV-Hop algorithm by Kumar et al. [17], and another improved algorithm by Rayavarapu et al. [9]. In the simulation, the total number of sensor nodes is set to 100, 150, and 200, with 5%, 10%, 15%, 20%, and 25% of them serving as anchor nodes. The rest are unknown nodes, and the communication range varies from 20 to 45, as detailed in Table 2.

For the simulation of algorithms, the area of simulation is 100 m × 100 m and 200 m × 200 m. The anchors nodes ratio is 5%, 10%, 15%, 20% and 25%, the remaining nodes are unknown nodes, and the communication range is set to 20~45. Nodes distribution is shown above in Fig. 4, the nodes with blue circles are anchor nodes, and red stars denote unknown nodes. The nodes distribution is in Random Square shape [27], C shape [44] and O shape [27]. The localization accuracy increases through the selection criteria of assistant anchor nodes and anchor nodes that play a part in the localization process and consider the pruning process. At the same time, the localization accuracy of all algorithms is illustrated in Fig. 5.
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Figure 4: Different shape test networks showing anchor nodes and unknown nodes positions: (a) Random Square, (b) C shape, (c) O shape
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Figure 5: Localization accuracy graphs DV-Hop, MCDS, MOANS and AS-IDV-Hop: (a) Random Square 100 m × 100 m, (b) Random Square 200 m × 200 m, (c) C shape 100 m × 100 m, (d) C shape 200 m × 200 m, (e) O shape 100 m × 100 m, (f) O shape 200 m × 200 m

Fig. 6 shows the localization accuracy and variance of all algorithms. The proposed algorithm performs better if we decrease the ratio of anchor. Table 4 shows the localization accuracy of each algorithm with a different number of total sensor nodes. The results reveal notable trends in the performance of four localization algorithms across different anchor node ratios.
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Figure 6: Localization accuracy graph and variance graph for each algorithm: (a) Accuracy graph, (b) variance graph
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As the number of nodes ratio increases from 100 to 200, AS-IDV-Hop consistently outperforms the others at all anchor densities, indicating its superior ability to utilize anchor nodes effectively. Notably, while Niculescu et al. [7] and Kumar et al. [17] showed moderate and steady improvements, respectively, Rayavarapu et al. [9] exhibited a significant accuracy increase, particularly between 15% and 25% anchor ratios, suggesting it might require a higher density of anchors to optimize performance. The proposed AS-IDV-Hop algorithm not only achieves the highest accuracy values. It demonstrates the most significant improvement as sensor node density increases, reaching an accuracy of 1.37594, 1.72324, and 1.66479 at 100 m × 100 m and 200 m × 200 m. The mean accuracy of Niculescu et al. [7] is 0.91795, Kumar et al. [17] is 1.14832 and Rayavarapu et al. [9] is 1.26583 and the proposed AS-IDV-Hop is 1.58799. The variance is 0.01169, 0.00812, 0.01350, and 0.02311, respectively, and the standard deviations are 0.1080, 0.0901, 0.1162, and 0.1518, respectively.

So, it is proved that the improvement over traditional DV-Hop is 73.00%, MCDS-DV-Hop is 38.28%, and 25.44% over the MOANS-DV-Hop algorithm. This indicates that AS-IDV-Hop is particularly useful, making it suitable for applications requiring high localization accuracy.

5  Conclusion

Localization is needed for various applications, i.e., tracking of objects; localization techniques provide localization solutions but with many anchor nodes that increase the cost of the network and provide less accuracy. An important drawback in existing systems is the absence of a methodical strategy for choosing suitable anchor nodes and assistant anchor nodes for the localization process. Moreover, the average distance between hops is identified as a vibrant element that significantly affects the accuracy of localization. If there are any inaccuracies in this parameter, it could considerably reduce the effectiveness of the entire system. The proposed methodology tackles these problems by introducing a strong mechanism for strategically selecting anchor nodes and assistant anchor nodes in the localization process. Moreover, it includes a correction factor to address any insufficiencies in the calculation of the average hop distance between nodes. Our proposed technique aims to enhance the precision and effectiveness of localization in wireless sensor networks through implementation and validation. This offers a cost-efficient alternative when GPS infrastructure is not available. The proposed AS-IDV-Hop algorithm shows a notable improvement in accuracy over the other algorithms, the mean accuracy of Niculescu et al. [7] is 0.91795, Kumar et al. [17] is 1.14832 and Rayavarapu et al. [9] is 1.26583 and the proposed AS-IDV-Hop is 1.58799. The variance is 0.01169, 0.00812, 0.01350, and 0.02311, respectively, and the standard deviations are 0.1080, 0.0901, 0.1162, and 0.1518, respectively. So, it is proved that the improvement over traditional DV-Hop is 73.00%, MCDS-DV-Hop is 38.28%, and 25.44% over the MOANS-DV-Hop algorithm, respectively. This indicates that AS-IDV-Hop is particularly useful, making it a suitable choice for applications requiring high localization accuracy.

In the future, it would be advantageous to expand and refine the proposed approach to better accommodate evolving environmental conditions. Moreover, there is potential for research to delve into the creation of machine learning algorithms aimed at pinpointing adaptable anchor nodes, thus enhancing the system’s adaptability and efficiency. Exploring energy-saving strategies and investigating the integration of emerging technologies could also boost the development of Wireless Sensor Networks for localization purposes.
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Table 1: Advantages and disadvantages of existing approaches

Methods

Advantages

Disadvantages

Misra et al. [19],
Bhat et al. [20]
Kumar et al. [17]
Caoetal. [11]
Wang et al. [27]
Caoetal. [11]

Li et al. [29]

Phoemphon et al.
[30]

Kaur et al. [32]

Kanwar et al. [33]

Kanwar et al. [34]

Efficiently uses network resources by
forming MCDS.

Accounts for mobility between nodes.

Less expensive and simpler to
implement.

Uses RSSI to estimate positions,
addressing some accuracy issues.
Improves distance estimation
accuracy with decimal hop counts.
Utilizes PSO algorithm and anchor
node pair selection, regularized least
squares for distance estimation
constraints.

Hybrid localization model using node
segmentation and improved PSO,
enhancing accuracy through RSSI
value conversion.

Weighted centroid localization
algorithm using DV-Hop to reduce
communication overhead and
transmission radius.

Multi-hop algorithm called ML-EN
using Elastic Net to address
distribution challenges.

Uses DNN and WOA for DV-Hop
localization, introducing a data
augmentation strategy to enhance
dataset size and accuracy.

Assumes straight-line links; does
not consider collinearity.
Environmental factors disrupt
accuracy; assume straight-line links.
Poor accuracy due to limited anchor
nodes; requires high anchor density.
RSSI fluctuations due to multipath
effects and interference.

Does not address collinearity; no
upgrading of localized nodes.
Limited by hop count constraint
mechanism.

Limited accuracy in highly dynamic
environments.

May suffer from reduced accuracy
in sparse networks.

Complexity increases with network
size; Elastic Net may require
extensive parameter tuning.
Potential overfitting and high
computational cost due to deep
learning models.
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Table 3: Network and simulation parameters

Parameter Value Parameter Value
Border length 100 m x 100 m and Node distribution Random Square, C
200 m x 200 m shaped and O shaped
Total number of nodes 100, 150, 200 Path loss exponent 4
Anchor nodes ratio 5%—10%—15 %—-20% Transmission power 0to —20 dBm
-25%
DOI 0t00.5 Communication range  20~45
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Table 4: Total number of nodes and localization accuracy

Total number of nodes DV-Hop MCDS MOANS AS-IDV-Hop
100 0.76671 1.02177 1.10156 1.3759%4
150 0.97505 1.19864 1.34930 1.72324

200 1.01209 1.22456 1.34663 1.66479
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Table 2: Comparison of existing approaches

Resources Up-gradation of Cost Hop size correction
utilization assistant anchors
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