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Abstract— In Wireless Sensor Networks (WSNs), many sensor nodes are deployed to gather information about 
their surroundings. The accuracy of this information is dependent on determining the exact location where it was 
collected. Localization is widely employed in WSNs to find the coordinates of target nodes using anchor nodes as 
reference points. In this paper, we propose the Closeness Greedy DV-Hop (CGDV-Hop) algorithm, which 
combines three different techniques, namely, Closeness Centrality for selecting the optimal anchors, Greedy Best 
First Search for optimizing the Hop count between unknown nodes and anchors, and a DV-Hop for determining 
the sensor node locations. Simulation results demonstrate the superiority of the CGDV-Hop compared to 
traditional DV-Hop and its current improvements primarily in terms of Average Localization Error (ALE) and 
Localization Error Reduction Ratio (LERR), while maintaining a favorable accuracy-complexity tradeoff. 

Index Terms— Wireless Sensor Networks, WSN, Localization, DV-Hop, Anchor selection, Optimization. 

 

I INTRODUCTION

WSNs utilize large numbers of sensor nodes with either 

static or dynamic mobility. The localization of a wireless node 

is crucial for a wide range of applications, such as vehicle 

tracking and military surveillance.  Traditional localization 

techniques in WSNs are generally divided into two main cat-

egories: range-based and range-free, based on the type of 

measurement data used [1]. A range-based localization algo-

rithm needs additional power and time consumption, which 

contradicts the limited resources of sensor nodes. Due to these 

limitations, increasing attention is being paid to Range-free 

algorithms. 

One of the most widely utilized range-free algorithms is 

DV-Hop [2]. The simplicity, scalability and the less need for 

hardware resources encouraged the algorithm to be used more 

commonly and decreased the cost of the localization algo-

rithm. The fundamental idea behind DV-Hop is to multiply 

the average hop distance in WSNs by the number of hops that 

each anchor node has in order to determine the distances be-

tween known and unknown nodes [3]. After that, multilatera-

tion, triangulation, and trilateration are used to retrieve the 

position data of unknown nodes [4]. Several efforts have been 

made to improve the performance of DV-HOP algorithms and 

reduce the localization error. Some DV-HOP variants can be 

found in the literature review section. 

As DV-Hop is based on the distance and number of hops 

between nodes, it has been demonstrated that it faces chal-

lenges to locate nodes with a high accuracy, compared to the 

range-based algorithms. Also, as the number of hops between 

the unknown node and the anchor node increases, DV-HOP is 

prone to increase the localization error [5]. To overcome these 

shortcomings, many improved algorithms based on DV-Hop 

were proposed by researchers [6-15]. They enhanced the ac-

curacy with the cost of increasing computation and hence 

power consumption, especially for the algorithms that use 

meta-heuristic optimization techniques as a subsequent step 

in the localization process. As a result, there is a significant 

research need in developing a localization method that simul-

taneously increases accuracy and keeps computational com-

plexity low. In order to address this gap, this study proposes 

CGDV-Hop, which improves localization accuracy by opti-

mizing hop-count and intelligently selecting anchors without 

adding costly computational optimization steps. CGDV-Hop 

is supposed to decrease the complexity and hence, the power 

consumption at the source-limited sensor nodes. 

In the first phase of CGDV-Hop, anchor nodes' locations 

are determined such that the nearest anchors to the majority 

of nodes (best anchors) are selected and used in the subse-

quent steps. In the second phase, an optimization AI algorithm 

(Greedy Best-First algorithm) will be used in order to find the 

best path between the nodes and the anchors to optimize the 

average number of hops. In the optimization step, the prior 

knowledge from the first phase of selecting anchors can be 

used to speed up the process of finding the shortest path. This 

is due to the use of the number of hops obtained from the best 

located anchors instead of the randomly located ones. 

In the third phase, the process of calculating locations 
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proceeds as usual in the traditional DV-Hop algorithm. The 

use of the optimal number of hops in this phase will increase 

the accuracy and decrease the localization error. 

The main contributions of this research are as follows: 

● Integrating three techniques to localize a wireless sensor 

node, explained as follows: 

▪ Anchors' Preselection using Closeness Central-

ity Algorithm to select the best located anchors. 

▪ Intelligent Best path algorithm (Greedy Best-

First Search) to find the best (shortest) path be-

tween each unknown node and anchors to cal-

culate the optimal hop count. 

▪ DV-Hop algorithm, with the use of the optimal 

hop count obtained from the previous step, to 

locate the sensor node.  

● Performance comparisons measusing accuracy (ALE, 

LERR) and qualitative complexity among traditional DV-

Hop, DV-Hop with Anchors' preselection, recent opti-

maization-based DV-Hop variants and CGDV-Hop algo-

rithms are conducted. 

The remainder of this paper is organized as follows: Sec-

tion II provides the related work and section III presents back-

ground study. Section IV details the methodology, the pro-

posed CGDV-Hop algorithm. the simulation environment, 

and performance metrics. Section V presents a discussion of 

the results. Finally, Section VI concludes the paper and dis-

cusses future research directions. 

II RELATED WORK 

The applicability of the traditional DV-Hop is restricted 

to certain settings despite having the advantages of being in-

expensive, simple to use, and very practicable. Researchers 

have proposed a variety of improved DV-Hop algorithms to 

increase the node localization accuracy. 

There are a number of applications that have improved 

the algorithm by modifying one or more of its steps. The first 

step of most DV-HOP algorithm variants is similar to the first 

phase of the traditional one. In this phase, all unknown nodes 

receive the minimum hop counts from each anchor [5]. An 

Improved DV-Hop Localization Algorithm (IDVLA) has 

been proposed in [6]. In this algorithm, instead of using the 

average hop distance for each anchor node individually, the 

average hop count received from all of the anchors is used. To 

determine the location of each unknown node, the authors 

used a 2-D Hyperbolic algorithm rather than using the least 

square method as in the traditional DV-HOP.  

Some other studies focused on enhancing the computa-

tional cost of DV-Hop. [7] introduced Weighted Centroid Lo-

calization Algorithm (WCL) that utilizes a weight assigned to 

each anchor node. It is inversely proportional to the distance 

between the node and the anchor. The weighted approach re-

duces computational complexity while maintaining accuracy 

that is comparable to that of the DV-HOP. An Improved 

Weighted Centroid Algorithm is proposed in [8]. They se-

lected a subset of anchor nodes whose hop counts are the 

smallest among all other anchors. Also, an Improved DV-Hop 

Localization (IDV-Hop) algorithm is conducted by [9] adding 

a correction step to the process of computing the average hop 

counts. This step slightly increased the computational com-

plexity. Despite the complexity improvement of these meth-

ods, the localization accuracy remains relatively modest.  

On the other hand, some studies have utilized optimiza-

tion techniques in order to optimize the solutions of either the 

final step of DV-Hop, where the location of a wireless node is 

estimated or the first and the second steps, where the anchors 

are selected and the number of hops is propagated. [10] used 

a genetic algorithm as one of the meta-heuristic algorithms 

following the DV-HOP position calculation process. This al-

gorithm is used to optimize the calculated location of an un-

known node and minimize the localization error. Unfortu-

nately, it has the drawback of increased computational com-

plexity due to the use of genetic algorithms. In [11], a strategy 

which selects the optimal static anchor node’s locations is 

proposed. This strategy computes the distance between an-

chor nodes and all the network nodes and then uses the k near-

est anchors to the majority of nodes. This method is applica-

ble to stationary anchors and sensor nodes.  

In [12], the study aimed at enhancing the standard DV-

positioning capabilities so that it could more precisely pin-

point where the sensors were located in the detecting region. 

The weighted minimum means square error (MMSE) [13] cri-

terion was used to replace the unbiased estimation approach 

while determining the ideal anchor nodes iteratively. The pro-

posed DV-Hop provides higher positioning performance, ac-

cording to simulation findings. A multi-objective optimiza-

tion-based enhancement of the DV-Hop localization algo-

rithm using a Differential Evolution with Multiple Neighbor-

hoods (DEMN) strategy is proposed by [14]. By integrating 

DEMN into the position estimation stage of DV-Hop, the pro-

posed approach refines the estimated coordinates of unknown 

nodes through iterative optimization. Simulation results 

demonstrate improved accuracy compared to traditional DV-

Hop, at the expense of increased computational complexity 

due to the use of evolutionary optimization. 

Recent works have concentrated on improving DV-Hop 

localization precision by incorporating meta-heuristic optimi-

zation methods and advanced distance calculation methodol-

ogies. Yıldız [15] introduced a parameter-free Fire Optimizer 

to enhance average hop distance estimation, resulting in scal-

able and precise localization without the need for explicit tun-

ing of parameters. Kaur et al. [16] presented PSLDV-Hop, 

which integrates particle swarm optimization with a refine-

ment technique to reduce cumulative hop error rates. Hadir et 

al. [17] utilized PSO to enhance distance correction in DV-

Hop for IoT and WSN environments, resulting in increased 

localization accuracy though experiencing additional compu-

tation complexity. 

Other studies have investigated different bio-inspired op-

timizers, like the Remora Optimization Algorithm used in 

DVHOP-ROA by Rabhi et al. [18] and the VVC-HCO tech-

nique presented by Ali et al. [19], both of which concentrate 

on post-estimation optimization to lower localization error. 

Furthermore, Wang et al. [20] suggested a multi-hop localiza-

tion technique that incorporates hierarchical anchor extension 
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and path tortuosity correction to increase the reliability of dis-

tance estimations.  

Also, [21], [22] proposed a strategy where each anchor 

node selects an optimal subset of other anchors to improve 

accuracy. This subset is then used to recalculate the average 

hop size, which, along with the subset information, is broad-

casted to nearby unknown nodes. This may overwhelm the 

network and increase the burden on the anchor nodes. Apply-

ing human conception optimization to the DV-Hop algorithm 

with time-varying acceleration coefficients is another note-

worthy enhancement [23]. By adding a parameter to modify 

the hop sizes of anchor nodes, this technique improves posi-

tion estimations without requiring extra hardware. 

The effect of the number of anchor nodes and the com-

munication radius has been studied in many researches. In 

[24], the impact of the communication radius and the number 

of anchor nodes on positioning precision is analyzed. The re-

sults of the simulations demonstrated clearly that the inaccu-

racies of location and the average positioning error are mini-

mized as the number of anchor nodes and communication ra-

dius increase. [25] developed a DV-Hop based on Average 

Hop Distance and Estimated Coordinates. This method was 

dependent on two factors: location error with varying com-

munication radius and number of anchor nodes. The simula-

tion of this method showed that the performance of the im-

proved DV-Hop algorithm in WSNs is better compared with 

the traditional algorithm. 

Although these methods greatly improve the accuracy of 

localization, they often depend on iterative optimization pro-

cedures which increase processing overhead. On the other 

hand, by optimizing anchor selection and hop-count estima-

tion prior to position calculation, the proposed CGDV-Hop 

approach enhances localization efficiency while avoiding 

complex meta-heuristic optimization yet preserving competi-

tive accuracy. 

III BACKGROUND 

The theoretical background of this research depends on 

three essential algorithms: Closeness Centrality Algorithm, 

Greedy Best-First search algorithm and DV-Hop algorithm. 

The following subsections present an overview of these algo-

rithms. 

A Closeness Centrality Algorithm 

Finding the location of the anchors through manual de-

ployment or a GPS device is the fundamental idea behind the 

anchor node localization approach. The goal of selecting the 

anchor node location is to choose the location of the anchor 

more effectively. The locations of the anchor nodes should be 

optimal in the sense of being distributed over the network area 

in order to increase the node's localization coverage and ac-

curacy [11]. 

By measuring the average distance between each node and 

every other node in the network, the closeness centrality tech-

nique finds the key nodes. The concept behind it is that the 

node that is closest to the network's center must also be the 

closest to the other nodes. The closer a node is to other nodes, 

the higher its proximity centrality value. 

The average shortest distance between a node 𝑣𝑖 and all 

other nodes in a network of n connected nodes is determined 

by equation (1). 

  

𝑑𝑖 =
1

𝑛−1
∑ 𝑑𝑖𝑗

𝑛
𝑖≠𝑗                (1) 

 

The proximity centrality of the node 𝑣𝑖, or the reciprocal 

of di, is defined as shown in (2): 

 

𝐶𝐶(𝑖) =  
1

𝑑𝑖
=

𝑛−1

∑ 𝑑𝑖𝑗𝑖≠𝑗
          (2) 

 

The resulting closeness centrality values are sorted in de-

scending order, with the first anchor node being the node with 

the highest closeness centrality value. Next, the sorted close-

ness centrality values are iterated through at regular intervals. 

The quick sort technique [26] is utilized to determine the op-

timal interval, and the chosen node is then used as an anchor 

node. 

 In order to determine the locations of the remaining nodes 

in the topology, the localization approach (e.g. DV-Hop) is 

chosen in the final step. 

B DV-Hop 
The procedure of the traditional DV-Hop algorithm is il-

lustrated in Figure 1 and summarized in the following steps: 

Step 1. Minimal hop count collection:  

The coordinate information and the hop count, which is 

initially set to 0 and incremented by 1 after each hop, are 

broadcasted by each anchor node. Each node updates and 

stores the minimal value if the obtained value is smaller than 

the previous one. At the end of this step, all nodes will have 

the smallest hop counts. 

Step 2. Average hop distance Determination: 

In step 1, the minimal hop value and anchor coordinates 

are obtained between any two anchor nodes. In the second 

step, the average hop distance denoted as Hi is calculated by 

(3): 

 

𝐻𝑖 =
∑ √(𝑥𝑖−𝑥𝑗)2+(𝑦𝑖−𝑦𝑗)2

𝑖≠𝑗

∑ ℎ𝑖𝑗𝑖≠𝑗
 (3) 

 
Where hij is the minimum hop count between the ith and jth 

anchor nodes. All the network's nodes will then get a broad-

cast of all the average hop distances. 

Step 3. Unknown nodes coordinates Determination: 

Each unknown node k calculates the distance dik between 

itself and the ith anchor node by multiplying the average hop 

distance Hi by the minimal hop count hik: 

 

𝑑𝑖𝑘 = 𝐻𝑖 × ℎ𝑖𝑘                         (4) 

 

After obtaining three or more anchor distance data, the 

least square method could be used to estimate the coordinates 
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of the unknown node. The distances between the anchor 

nodes (xi , yi) and the unknown node (x , y) are as follows: 

 

(𝑥𝑖 − 𝑥)2 + (𝑦𝑖 − 𝑦)2 = 𝑑𝑖
2       (5) 

 

 
 

Figure1. Procedure of DV-Hop Localization Algorithm [27] 

 

C Greedy Best-First search algorithm (GBFS) 

In an attempt to reach the search goal, the path that seems 

best at the time is always chosen by the greedy best-first 

search algorithm. It combines methods for depth-first search 

and breadth-first search [28]. It employs search and heuristic 

functions. At each stage, the most promising node is selected 

with the aid of best-first search. This node, which is closest to 

the goal node, is expanded and the least cost is estimated by 

a heuristic function which is the estimated cost from node n 

to the goal. By using the priority queue, the greedy best-first 

algorithm is implemented [29]. 

Instead of identifying a certain and ideal solution, a 

greedy-based search will attempt to find the necessary search 

path as quickly as possible. If GBFS discovers the answer, it 

halts the search at the node that provided the answer. If not, it 

will figure out the heuristic value and extend the child node 

with the lowest heuristic value. In other words, GBFS as-

sumes that states with lower heuristic values are located on 

the least expensive path to the closest goal state. Heuristic 

value is therefore calculated for each step and then compared 

to all the states created up to that point (but not expanded yet).  

This compromise ensures that a potential search path is 

rapidly recognized, which can occasionally be very helpful. 

Also, this algorithm has a low complexity and may be the 

least among the algorithms that use prior knowledge, such as 

A star search algorithm [30]. 

IV METHODOLOGY 

In the following subsections, detailed description of the 

proposed algorithm is introduced. 

A Proposed Algorithm 

The proposed localization algorithm integrates three dif-

ferent algorithms, each of which has a specific goal. Accord-

ing to the use of these algorithms, CGDV-Hop is divided into 

three phases as described below. 

Phase I: Anchors Selection 

Instead of randomly selecting a number of anchors as 

known located nodes, the closeness centrality algorithm is 

used to select the most centralized nodes, i.e., the nodes which 

tend to be the nearest to a group of unknown nodes. The al-

gorithm calculates the average distance between each anchor 

and all the nodes in the network using (1). Then, the distances 

are sorted in ascending order. After that, a number of anchors 

are selected that are spaced by a certain interval, which is cal-

culated by the following formula: 

 

𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 = 𝑐𝑒𝑖𝑙𝑖𝑛𝑔(𝑁𝑜𝑑𝑒𝑠 𝑁𝑜./𝐴𝑛𝑐ℎ𝑜𝑟𝑠 𝑁𝑜. )        (6) 

 

This selection technique increases the coverage range of 

the anchors, and hence, a larger number of nodes receives 

both locations and number of hops broadcasted by the an-

chors. Moreover, the accuracy of the localization algorithm 

increases. 

Phase II: Hop Count Optimization 

In this phase, the Greedy Best First Search algorithm is 

used to obtain the optimal path, and hence the optimal number 

of hops between an unknown node and an anchor node. In-

stead of beginning the search with random initializations, the 

received hop counts from the selected anchors at phase 1 are 

used as prior knowledge and heuristic information to the 

Greedy Best First Search algorithm. This prior knowledge 

greatly speeds up the search process. 

More specifically, the best path between each node and 

each anchor is found using the received hop counts as heuris-

tics.  Then, the best (the nearest optimal) three anchors for 

each unknown node can be determined and the average hop 

count is calculated using only these three anchors. The com-

plexity of the algorithm is considerably reduced by using only 

three anchors instead of all anchors. The resultant optimized 

hop count, which is used in the DV-Hop phase, increases the 

accuracy of the localization algorithm. 

Phase III: Localization using DV-Hop 

In this phase, the optimal hop count obtained from the sec-

ond phase is used as an input to the DV-Hop localization algo-

rithm. This compensates for the need for an optimization pro-

cess after the localization estimations are completed. Hence, 

the complexity of the algorithm is decreased compared with 
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the algorithms that supplement the process of estimating loca-

tions with a process of optimization.  

The optimal minimum hop count is used directly in step 3 

of the DV-Hop algorithm described earlier into equations 4 and 

5 to estimate the location of nodes. The flowchart of the 

CGDV-Hop algorithm is illustrated in Figure 2. 

 

 

Figure2.  Phases of proposed CGDV-Hop Localization Algorithm 

 

B Simulation Environment 
The CGDV-Hop algorithm was implemented in Matlab 

R2024b. The simulation environment parameters are shown in 

Table 1. To make the comparisons fair, the same parameters and 

the same environments have been simulated for the traditional 

DV-Hop, DV-Hop with preselected Anchors and the CGDV-

Hop algorithms.  

 

TABLE 1 

Simulation Parameters 

Parameter Value 

Network Size 100m * 100m 

Total Number of Nodes 100, 200, 300 

Anchors Density 10%, 20%, 30% 

Node Deployment Random 

Communication Radius 50 

 

All the source codes and results of the algorithms that have 

been compared were regenerated. The simulations have been 

repeated for different combinations of number of nodes and an-

chor nodes density. 

C Performance Metrics 
To evaluate the localization efficiency of the proposed 

CGDV-Hop algorithm and the reference DV-Hop-based ap-

proaches, the following performance metrics are adopted: 

● Average Localization Error (ALE): 

The primary accuracy metric which is calculated by first de-

termining the Localization Error (LE) for each node. LE is de-

fined as the Euclidean distance between a single unknown sen-

sor node's estimated and actual positions and is calculated as 

follows: 

 

𝐿𝐸𝑖 = √(𝑥𝑖 − 𝑥̂𝑖)
2 + (𝑦𝑖 − 𝑦̂𝑖)

2                  (7) 

 
Where, (𝑥𝑖 , 𝑦𝑖) denotes the actual coordinates of the 𝑖𝑡ℎ un-

known node and (𝑥̂𝑖 , 𝑦̂𝑖) represents the estimated coordinates 

obtained from the localization algorithm. 

The ALE is then derived as the arithmetic mean of localization 

errors across all unknown nodes: 

 

𝐴𝐿𝐸 =  
1

𝑁𝑢
∑ 𝐿𝐸𝑖

𝑁𝑢
𝑖=1                                   (8) 

 

Where, 𝑁𝑢 is the number of unknown nodes in the net-

work. Anchor nodes are excluded from this calculation since 

their positions are known in advance. 

● Localization Error Reduction Ratio (LERR): 

The localization error reduction ratio, which quantifies 

an algorithm's relative accuracy increase over the conven-

tional DV-Hop approach, is defined as follows: 

 

𝐿𝐸𝑅𝑅 =  
𝐴𝐿𝐸𝐷𝑉−𝐻𝑜𝑝−𝐴𝐿𝐸𝑀𝑒𝑡ℎ𝑜𝑑

𝐴𝐿𝐸𝑀𝑒𝑡ℎ𝑜𝑑
𝑥100%      (9) 

 

Compared to the baseline DV-Hop algorithm, this metric 

represents the percentage reduction in average localization er-

ror attained by a particular approach. 

• Computational Complexity:  

In addition to metrics for accuracy (ALE, LERR), the al-

gorithm's complexity is evaluated as well. Since execution 

time depends on hardware and implementation, the compari-

son is performed qualitatively based on the processing cost, 

iteration needs, and search methods (such as meta-heuristic 

versus graph-theoretic approaches). Accordingly, bsed on the 

beforementiond metrics, the complexity of the algorithms are 

categorized as: 

• Low complexity: non-iterative DV-Hop based meth-

ods. 

• Moderate complexity: enhanced DV-Hop with pre-

processing or filtering. 

• High complexity: optimization-based or meta-heu-

ristic localization methods. 
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Also, a theoretical Big-O notation analysis is provided as 

a complement for qualitative analysis. 

V  RESULTS AND ANALYSIS 

The nodes' deployment with 100 total nodes and 10%, 

20% and 30% anchor ratios are shown in Figures 3, 4 and 5, 

respectively. All nodes were deployed randomly, and then the 

anchors were selected based on the closeness centrality algo-

rithm. Anchors’ selection improves the distribution of them so 

that each mediates a different group of nodes and thus im-

proves the overall coverage. 

 

 
Figure 3. Nodes Deployment with 10% Anchors 

 

 
Figure 4. Nodes Deployment with 20% Anchors  

 

 

Figure 5. Nodes Deployment and 30% Anchors 

 

 

 

The Deployments with 200 and 300 total nodes with varied 

anchor ratios were also generated randomly. 

Results of the ALE for the three different algorithms varying 

the total number of nodes with 10%, 20% and 30% anchor ra-

tios are shown in Table 2 and are illustrated in figures 6, 7 and 

8, respectively. The average error decreases as the number of 

anchors increases. These results are logical as the larger num-

ber of anchors increases the probability of receiving hop counts 

from anchors at the same node, and hence the accuracy im-

proves.  

On the other hand, when compared to the other two ap-

proaches, CGDV-Hop consistently delivers the lowest ALE for 

all anchor densities. The improvement is especially obvious at 

10% anchor density, where CGDV-Hop significantly lowers 

the localization error at all node densities. This pattern suggests 

that the suggested hop-distance correction and anchor optimi-

zation technique works particularly well in sparse anchor situ-

ations. 

 

TABLE 2  

Average Localization Error (ALE) Results 

Anchor Ra-

tio 

Number of 

Nodes 

DV-

Hop 

Preselection 

DV-Hop 

CGDV-

Hop 

10% 

100 22.54 20.10 17.20 

200 19.90 17.90 14.90 

300 18.90 17.20 13.80 

20% 

100 20.40 19.30 15.57 

200 18.30 16.90 13.90 

300 17.20 16.00 12.90 

30% 

100 18.86 17.67 12.20 

200 16.90 15.80 11.10 

300 15.90 14.90 10.50 

 
 

 
Figure 6. Average Localization Error with 10% Anchors 
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For all methods, a general decrease in ALE is shown as the 

number of nodes rises from 100 to 300. Higher node density en-

hances network connectivity and hop-count reliability, which re-

sults in more precise distance estimation, hence this trend is ex-

pected.  

Nevertheless, CGDV-Hop maintains a distinct performance 

advantage over the conventional and preselection-based DV-

Hop methods, exhibiting superior scalability despite this overall 

improvement. 

 
 

 
 

Figure 7. Average Localization Error with 20% Anchors 

 

 

 
 

Figure 8. Average Localization Error with 30% Anchors 

 

Table 3 displays each method's localization error reduction 

ratio (LERR) in comparison to the conventional DV-Hop algo-

rithm in order to further quantify the relative performance gain. 

The suggested CGDV-Hop outperforms the Preselection DV-

Hop approach, which shows a slight improvement, with an av-

erage LERR of roughly 27.56% across various anchor densities. 

Also, CGDV-Hop shows competitive localization error re-

duction when compared to current optimization-based DV-Hop 

versions documented in the literature. The complexity compar-

ison in Table 3 is qualitative according to the definition pro-

vided in Performance Metrics subsection. the results indicate 

that CGDV-Hop achieves a favorable balance between accu-

racy enhancement and computational overhead compared to al-

ternative optimization-based approaches. 

TABLE 3  

LERR and Complexity Comparison 

Algorithm 
LERR 

(%) 

Computational Com-

plexity 

DV-Hop 0 Low 

Preselection DV-Hop 7.51 Low–Moderate 

DEMN + Multi-ob-

jective DV-Hop [14] 

~16 (Random 

Deployment) 

High (Iterative Op-

timization) 

Fire Hawk Optimizer 

DV-Hop [15] 

~25 (Random 

Deployment) 

High (about 50 iter-

ations are needed) 

CGDV-Hop  27.56 Moderate 

 

• Error Reduction Analysis 

The difference between the actual Euclidean distance 𝑑𝑖𝑘 

and the estimated distance 𝑑̂𝑖𝑘 = 𝐻𝑖 × ℎ𝑖𝑘 is the primary cause 

of the localization error in DV-Hop. In Phase I, we select an-

chors that minimize the average hop count ℎ̅ to all nodes by 

using Closeness Centrality. Reducing the maximum number of 

hops needed to reach an anchor naturally limits the propagation 

of distance estimation errors since the cumulative error in dis-

tance estimation is proportional to the hop count ℎ𝑖𝑘.  

In addition, Phase II minimizes the "path tortuosity" error 

that is common in standard DV-Hop, which selects any shortest 

path—even one that is not straight—by using GBFS to deter-

mine which path closely matches the Euclidean straight line. 

• Complexity Analysis 

In terms of computational complexity, the traditional DV-

Hop algorithm exhibits low complexity since it relies primarily 

on hop-count propagation and least-squares position estimation 

without additional refinement steps. A limited anchor selection 

stage based on hop-count information is introduced by the Pre-

selection DV-Hop, which is non-iterative but has a small com-

putational overhead increase.  

The proposed CGDV-Hop eliminates population-based 

search procedures and iterative meta-heuristic optimization 

while incorporating structured anchor grouping and hop-dis-

tance correction techniques, which add a little computational 

cost. As a result, CGDV-Hop achieves significant gains in lo-

calization accuracy while maintaining a moderate processing 

complexity. This makes CGDV-Hop particularly suitable for 

wireless sensor networks with limited resources. 

On the other hand, optimization-based DV-Hop variations 

that have been documented in the literature usually use swarm-

based or iterative evolutionary methods, which result in much 

greater processing requirements and computational complex-

ity. The accuracy improvement at the expense of increased cost 

was explicitly mentioned in the methods compared in the table 

above. 

For the Big-O notation analysis, the three phases of 
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CGDV-Hop can be used to formally examine its computational 

complexity. For example, let 𝑁 represent all nodes, 𝐴 represent 

anchors, and 𝐸 represent communication links. 

▪ Phase I (Anchor Selection): Calculating closeness central-

ity requires computing all-pairs shortest paths. For an un-

weighted graph, this takes 𝑂(𝑁(𝑁 + 𝐸)). 

▪ Phase II (Hop Optimization): The Greedy Best-First 

Search (GBFS) for U unknown nodes to find optimal paths 

to A anchors has a complexity of 𝑂(𝑈. 𝐴. 𝑙𝑜𝑔 𝑁) in the av-

erage case when using a priority queue for heuristic search. 

▪ Phase III (Localization): The final DV-Hop steps (average 

hop distance calculation and least squares estimation) have 

a complexity of 𝑂(𝐴2  +  𝐴. 𝑈). Thus, the total complexity 

is dominated by the initial centrality calculation, 𝑂(𝑁2  +
 𝑁. 𝐸), which is significantly lower than the 

𝑂(𝐼 . 𝑃 . 𝑁) complexity of meta-heuristic variants (where 

I is iterations and P is population size). 

VI  CONCLUSIONS AND FUTURE WORK 

In this paper, a hybrid algorithm (CGDV-Hop) is proposed 

to overcome the high average localization error of the tradi-

tional DV-Hop localization algorithm and the high complexity 

of its variants that use machine learning algorithms as an opti-

mization later phase. This work integrates three algorithms as 

successive phases.  

In phase 1, the Closeness Centrality algorithm is used to 

select the best located anchors aiming to choose the median of 

each group of nodes, and hence increasing the coverage. Phase 

2 uses the Greedy Best First Search algorithm to find the opti-

mal path and thus the optimal number of hops between an un-

known node and each anchor. This optimized Hop Count is 

then used as an input to the next phase. The last phase uses the 

DV-Hop algorithm to estimate locations with the aid of the op-

timal Hop Count obtained from the previous phase. 

Experimental results demonstrated that CGDV-Hop out-

performs both the traditional DV-Hop and the DV-Hop with 

anchors Preselection using Closeness Centrality algorithms in 

terms of Average Localization Error. Moreover, CGDV-Hop 

gains the least Error Reduction Ratio compared to the current 

optimization-based DV-Hop variants. In contrast to existing 

DV-Hop improvements that depend on cost computational op-

timization or static anchor configurations, CGDV-Hop com-

bines greedy and lightweight graph-theoretic search ap-

proaches to optimize hop counts prior to localization. This pro-

active optimization achieves a favorable accuracy–complexity 

tradeoff, distinguishing CGDV-Hop from recent DV-Hop vari-

ants. 

• Mobile-WSN Applicability 

In mobile wireless sensor networks, node mobility causes 

frequent topology variations that affect hop-count stability and 

anchor-distance estimation. The proposed CGDV-Hop can be 

extended by periodically recomputing anchor centrality and up-

dating hop paths using incremental graph updates instead of 

full recomputation. The update interval T can be adaptively se-

lected according to node velocity 𝑣, where higher mobility re-

quires shorter update periods. Furthermore, distance estimate 

between consecutive topology updates can be stabilized by in-

cluding Kalman-filter-based smoothing or mobility prediction. 

In dynamic environments, this allows CGDV-Hop to control 

computational cost while maintaining localization accuracy. 
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