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Abstract: Wireless sensor network is a new type of distributed network. At present, 

wireless sensor network is widely used in military reconnaissance, environmental 

science, medical and health, industrial automation, commercial applications and other 

fields. In wireless sensor network topology control, routing optimization, target 

tracking and other functions, positioning is an indispensable supporting technology. 

Node localization is an important subject of current wireless sensor network research. 

The DV-Hop positioning algorithm is the most widely used positioning method in the 

series of non-ranging positioning algorithms. Its positioning process does not depend 

on the ranging method. It uses multi-hop beacon node information to participate in 

node positioning, and the positioning coverage is relatively large. The node hardware 

requirements are low and the implementation is simple. However, there is a certain 

error in the positioning calculation method of this algorithm. Therefore, an improved 

DV-Hop node localization algorithm for artificial bee colony wireless sensor network is 

proposed. (The Improved DV-Hop Algorithm Based on Improved Artificial Bee Colony 

Algorithm, IMABC-DV-Hop). First of all, in view of the slow convergence rate of 

artificial bee colonies, premature maturity, and poor diversity of bee colonies, this 

paper introduces the idea of reverse learning in the initial population generation stage 

of the basic artificial bee colony algorithm to improve the uniform distribution of the 

initial population of artificial bee colonies. Second, in order to avoid the algorithm from 

falling into the local optimal problem, the algorithm introduces a cross-mutation 

operator to increase the diversity of the population and enhance the robustness of the 

algorithm; in addition, the chaotic search operator is used to perform a local search 

for the optimal position. The optimization ability and convergence speed of the 

algorithm have been improved, so that the algorithm can converge to the global 

optimal solution faster. After using the improved artificial bee colony algorithm to 

calculate the unknown node coordinates, simulation experiments show that the 
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IMABC-DV-Hop algorithm proposed in this paper has improved positioning accuracy 

and efficiency compared with the DV-Hop algorithm and ABC-DV-Hop. 

 

Keywords: Wireless sensor network; artificial bee colony; DV-Hop algorithm; chaotic 

search strategy; genetic algorithm; reverse learning. 

 

1. Introduction 

Wireless sensor network node positioning is one of the supporting technologies of 

sensor networks. Knowing the location information of sensor nodes can improve 

routing efficiency, provide a namespace for the network, report the coverage quality 

of the network to the deployer, achieve network load balancing and self-configuration 

of network topology. The use of certain mechanisms and algorithms to realize WSN's 

own positioning has very important theoretical and practical significance. Wireless 

sensor network node positioning technology can be divided into ranging algorithm and 

non-range algorithm. Among them, the non-ranging positioning method has the 

characteristics of simple implementation steps, easy operation, and low power 

consumption, and is widely used in WSN node positioning. Among them, the DV-Hop 

algorithm is not affected by ranging errors and does not require additional hardware 

equipment, so it is widely used in the node positioning stage. However, DV-Hop has 

certain errors in positioning. The main errors come from determining the estimated 

distance between the unknown node and the beacon node and using the least square 

method or maximum likelihood estimation method to determine the coordinates of the 

unknown node. Aiming at the problem of low accuracy of the DV-hop positioning 

algorithm, literature [1] optimizes the anchor node spacing and eliminates nodes with 

larger errors to correct the average single-hop distance of the entire network. Although 

this method can improve the accuracy of positioning, the operation is more 

complicated, and the ideal beacon node is more difficult to determine. Literature [2] 

uses the communication radius of the node to correct the number of hops and weights 

the average hop distance of the unknown node. However, the difficulty of the 

algorithm increases and the operating efficiency is reduced. Literature [3] introduces 

RSSI into the positioning process to initially estimate the coordinates of unknown 

nodes, and then uses the weighted centroid algorithm to further position to improve 

the positioning accuracy, but this method needs to increase the equipment for 

receiving signal strength indicators during positioning. 

Existing researches optimize the process of node positioning calculation by introducing 

evolutionary algorithms at this stage to improve positioning performance and achieve 

precise positioning effects. For example, genetic algorithm [4], artificial bee colony 

algorithm [5], differential evolution algorithm [6], particle swarm optimization 
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algorithm [7] are used to optimize the positioning process. Literature [8] proposes to 

select the reference node algorithm to be used in the position calculation process of 

the DV-hop algorithm. After improving the basic DV-hop algorithm, an intelligent 

algorithm is introduced to improve the positioning accuracy. Literature [9] introduced 

an adaptive particle swarm optimization algorithm, which improves the positioning 

accuracy by more than 20%, and the influence of node density on the positioning 

accuracy is significantly less than that of the DV-Hop algorithm without increasing any 

hardware facilities and communication load. The basic artificial bee colony [10] 

algorithm has many applications in solving combinatorial optimization problems, and 

the artificial bee colony algorithm is a more effective way to solve the optimization 

problem. In addition, the bee colony algorithm has strong neighborhood search 

capabilities, fewer control parameters, and strong robustness. It searches for global 

and local optimal solutions during each iteration, so the probability of finding the 

optimal solution is greatly increased. But it also has disadvantages such as slow 

convergence speed, premature maturity and poor bee colony diversity. Literature [11] 

introduces an improved differential evolution algorithm into the search equation of the 

hired bee search stage. After increasing the current optimal individual value of the 

population, the local search ability of the algorithm is enhanced, and it is not easy to 

fall into the local optimal problem. Literature [12] introduces the crossover operator 

in the genetic algorithm, and uses two close sources to complete the search operation 

to improve the efficiency of mining. Literature [13] In the reconnaissance of artificial 

bee colony and the bee colony initialization phase introduces the chaos algorithm, 

uses the roulette reverse selection in the observation bee phase, and improves the 

search speed by searching through the combination formula. In this paper, the ABC 

algorithm is introduced in the DV-hop algorithm to improve the positioning accuracy 

of unknown nodes. Since the initial population of the ABC algorithm is randomly 

generated, the uniformity of the initial population in the solution space is very poor 

and cannot completely cover the entire solution. Space directly affects the search 

efficiency of the ABC algorithm. 

In order to improve the uniformity and diversity of the initial population distribution of 

ABC, this paper uses the reverse learning strategy in the population initialization phase 

of the ABC algorithm. Aiming at the problem of slow convergence speed of artificial 

bee colony algorithm and easy to fall into local optimum, the mutation crossover 

operator and chaotic search strategy are introduced to improve the artificial bee colony 

algorithm, accelerate the algorithm convergence and improve the optimization ability, 

thereby improving the accuracy and efficiency of node positioning. 
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2. Overview of related algorithms 

2.1 DV-Hop algorithm 

The DV-Hop algorithm is divided into the following three stages 

(1) Calculate the minimum number of hops from an unknown node to each beacon 

node. 

The beacon node broadcasts a packet of its own location information to neighboring 

nodes, including the hop number field initialized to 0, and the minimum number of 

hops recorded by the unknown node to each beacon node, and then add 1 to the hop 

value and forward it to the neighbor node. Through this method, all nodes in the 

network can record the minimum number of hops to each beacon node. 

(2) Calculate the average hop distance between the unknown node and the beacon 

node. 

Each beacon node uses equation (1) to estimate the average hop distance of beacon 

node i according to the location information and the number of hops away from other 

beacon nodes recorded in the first stage iHopSize
:
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Among them,  ii yx , ，  
jj yx , is the coordinates of beacon nodes i and j, and jh is the 

minimum number of hops between beacon nodes i and j (i≠j). Then, the beacon node 

broadcasts the calculated average distance per hop to the network in packets with a 

lifetime field, and the unknown node only records the first received average distance 

per hop and forwards it to neighbor nodes. This strategy can ensure that most 

unknown nodes receive the average distance per hop from the nearest beacon node. 

After the unknown node receives the average distance per hop, it calculates the hop 

distance from the unknown node to all beacon nodes j according to the recorded 

number of hops (2) 

ij HopSizeh ud                                                 (2) 

(3) Unknown node calculates its position 

The unknown node uses the hop distance to each beacon node recorded in the second 

stage, where the distance between the unknown node and the beacon node is ud

 nu ,...2,1 , and the following equations (3) 
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convert formula (3) into matrix form as 

BAX                                                              (4) 
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Using the least square method to calculate the matrix equation, the coordinates of the 

unknown node can be obtained: 

  BAAAX TT 1
                                                    (8) 

Due to the influence of ranging error and environmental communication factors, there 

is an error between ud and the actual distance, so the accuracy of the final solution is 

related to the error of ud .Therefore, the accuracy of the calculation results of this 

method is low. To solve this problem, this paper transforms the node localization 

problem into a global optimization problem. 
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It can be seen from equation (9) that when the calculated value of equation (9) is the 

smallest, the ranging error between the unknown node and the beacon node is the 

smallest, then the corresponding(x, y)is the optimal coordinate solution. It is difficult 

to use traditional mathematical methods to solve the nonlinear optimization problem 

of equation (9). Experiments show that the artificial bee colony algorithm is a more 

efficient way to solve the optimization problem[14]. This article will use an improved 

artificial bee colony algorithm to improve the target positioning stage The positioning 

accuracy. 

2.2 Artificial bee colony algorithm 

Artificial bee colony (ABC) is an optimization algorithm based on bee colony 

intelligence, which solves the optimal solution problem by simulating the process of 

the division of labor and cooperation of the bee colony to find the optimal food source. 

Bees in nature can always find high-quality nectar sources with extremely high 

efficiency in any environment, and can adapt to changes in the environment. In ABC, 

the honey collection system of a bee colony consists of three parts: honey source, 
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hired bee, and non- hired bee. The pros and cons of nectar sources have many related 

factors, such as the amount of nectar from the nectar source, the distance from the 

hive, and the difficulty of extraction. Hired bees contact specific nectar sources and 

tell their peers with a certain probability of nectar source information; non-employed 

bees are divided into two categories: follow bees and scout bees, and their 

responsibility is to find the nectar source to be mined. When bees collect nectar, some 

of the bees in the hive act as scout bees and randomly search for nectar sources near 

the hive. If a nectar source with the amount of nectar exceeding a certain threshold 

is found, the scout bee becomes a hired bee and starts to collect nectar. Then flew 

back to the hive and danced and told to follow the peak. Swing dance is a basic form 

of information exchange between bees. It conveys important information about the 

nectar source around the hive, such as the direction of the nectar source and the 

distance from the nest. Follow Peak uses this information to accurately evaluate the 

quality of the nectar source around the hive. When the hired bees finish the swing 

dance, they return to the original nectar source with the follower bees in the hive to 

collect nectar. The number of follower bees depends on the quality of the nectar source. 

In this way, the bee colony can quickly and effectively find the nectar source with the 

highest amount of nectar. The ABC algorithm to solve the optimization problem 

includes the following steps: 

(1) Initialize the population 

In the search process of artificial bee colony algorithm, it needs to be initialized first, 

which includes determining the population number, the maximum number of iterations 

MCN, the control parameter lim it and determining the search space that is the range 

of the solution. First, randomly generate initial solutions  SNixi ....3,2,1 in the search 

space, SN is the number of nectar sources, each solution is a D-dimensional vector, 

and D is the dimension of the problem. After initialization, the entire population will 

repeat the search process of the lead bee, follow bee and scout bee until the maximum 

number of iterations MCN or error allowable value ε is reached. 

(2) Leading the bee stage 

At the beginning of the search process, each leading bee generates a new solution, 

which is a new source of honey, by formula(10) 
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In the formula,  SNk ,....2,1 ,  Dj ,....2,1 ，and 
j

iik ; is random numbers between 

[-1,1]. In each neighborhood search process, the value on one dimension (j) is 

randomly updated, and then the quality iv  is evaluated, and the nectar source is 

updated using a greedy selection strategy. 

(3) Follow the bee stage 
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After all the leading bees have completed the search process, the leading bees will 

dance in the recruitment area to share the solution information and information with 

the follow bees. Follow the bee to calculate the selection probability of each solution 

according to the formula, 
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Then a random number is generated in the interval  1,1- . If the probability value of 

the solution is greater than the random number, a new solution ifit  is generated 

following the bee equation (5), and the new solution ifit  is checked. If the new 

solution is better than before, then Follow the bee will remember the new solution and 

forget the old solution; otherwise, it will keep the old solution. 

(4) Detection stage 

After all follower bees have completed the search process, if a solution has not been 

further updated after lim it cycles, then the solution is considered to fall into a local 

optimum, and the nectar will be discarded. Assuming that the nectar source xi is 

discarded, the leading bee corresponding to this nectar source turns into a scout bee. 

The scout bee generates a new nectar source to replace it by formula (12). 

 

  jjj

ij XXrandXX minmaxmin )1,0(                                    (12) 

 
Among them, i=1,2,…,SN; j=1,2,…,D, and then return to lead the bee search process 

and start to repeat the cycle. 

 

3. Improvement of artificial bee colony algorithm 

3.1 Reverse learning strategy of nectar 

The basic strategy of Opposition Based Learning (OBL) is that if a random individual 

is very different from the optimal solution of the system, after the individual is reversed 

to generate the reverse solution, the current solution and the reverse solution are 

evaluated at the same time and selected 50% of population individuals are used as 

initial solutions. This method will greatly increase the probability of individuals 

approaching the optimal solution. At present, many studies have introduced the 

reverse learning strategy to improve the algorithm, and the performance effect of the 

algorithm has been effectively improved. In reference to the unconstrained multi-

objective optimization problem, literature [15] introduces a reverse learning strategy 

based on the differential evolution algorithm, which can enrich the diversity of the 

population and improve the convergence speed of the algorithm after the reverse 

solution is obtained. Reference [16] adds a reverse learning strategy to the particle 
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swarm optimization algorithm, which can quickly jump out of the local optimum and 

improve the diversity of the particle population. 

To solve the problem of DV-hop positioning, mark the unknown node information of 

the dth dimension as  dxxxX ,...,2,1 ,  jjj ULx , ,then the reverse solution is 

 *,...*,** 21 dxxxX  , where  
jjjj xULx * and θ are the generalized coefficients 

on the interval  1,0 . If the optimal individual in the current group is  
diiii xxxX

,,...,2,,1,
 , 

the reverse solution of the optimal individual is  
jijijiji xULx ,,,, *  , among which 

 jjji ULx ,,  . 

In this paper, the reverse learning strategy is applied to the improvement of artificial 

bee colony algorithm. This strategy calculates and evaluates the reverse solution of 

the current forward solution, merges the current solution and the reverse solution, 

and then selects 50% of the best individuals for subsequent iterations. Update, this 

strategy can effectively improve the diversity and quality of the population, while 

avoiding the algorithm from falling into the local optimum, which is beneficial to 

increase the convergence speed of the algorithm and obtain the optimal solution. 

3.2 Crossover and mutation strategy of nectar 

The cross-mutation strategy of nectar sources draws on the idea of cross-mutation in 

genetic algorithms. The purpose is to use crossover operations to make two nectar 

sources mate with each other to produce a new nectar source set. In natural evolution, 

the new population generated by combination and crossover will adapt to the 

environment more , Which is more conducive to obtaining the global optimal solution. 

In the crossover operation, the second half of the optimal nectar source set with higher 

profitability will be directly selected into the next iteration. The crossover factor is the 

last 50% nectar source. Every two nectar source sets are required to be randomly 

combined and paired. Compared with the parent, choose the higher profitability for 

the next iteration. When the nectar set is combined and crossed, it is determined by 

the subset with the largest similarity between the two and the probability ip . If there 

are nectar sets A and B, the similarity is expressed by equation  

  )ji且,0(,/j，i  sjiul                              (13) 

Among them, l is the length of the longest common subset of the two, and the length 

of the nectar set is u, which  is the size of the bee colony. If the probability of 

similarity between the two is less than, then the offspring will be generated to replace 

the parent's nectar source by performing crossover operations. This approach can 

increase the diversity of nectar sources and at the same time prevent the bee colony 

from falling into the local optimum. The mutation operator and the crossover operator 

cooperate with each other to complete the global search and the local search of the 

search space together, so that the genetic algorithm can complete the optimization 
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process of the optimization problem with good search performance. The use of 

mutation operators can improve the local search capabilities of genetic algorithms. 

The search points can move freely in the entire search space, thereby increasing the 

diversity of the group and preventing premature phenomena. This article uses a 

smaller mutation probability (Pm) to control the algorithm Mutation operation. 

3.3 Chaotic search strategy of nectar 

Artificial bee colony algorithm has a strong exploration ability, but there is a problem 

that the local development ability is weak and the current optimal solution cannot be 

fully developed, which causes the search speed to slow down when it is close to the 

optimal value. At the same time, after the nectar source is selected, the poorer quality 

food source is not updated, resulting in a decrease in population diversity. Therefore, 

this paper uses the chaotic search strategy with strong randomness, ergodicity and 

regularity to search the current optimal solution field randomly to make up for the 

weakness of the artificial bee colony algorithm development ability to improve the 

convergence speed of the ABC algorithm. 

The basic idea of chaos algorithm is to generate chaotic vector according to formula : 

)1(1 iii yyy                                                    (9) 

Then the chaotic variables are mapped to optimized variables through the carrier wave 

method. In formula (9),   75.0,5.0,25.0,1,0,  iui yy and  are the control parameters of 

the chaotic state. When  = 4, the Logistic equation is a completely chaotic state. 

In this paper, when the artificial bee colony algorithm applies the chaotic search 

strategy, the chaotic variable jtX ,  and the optimal nectar source jbestX ,  are combined 

to generate a new nectar source jt ,  through formula (10). 

 jtjbestjt xx ,,, )1(                                                    (10) 

Where θ is the shrinkage factor, 
max

max 1

t

tt 
  and θ decrease with the increase of the 

number of iterations. At this time, the lead bee transforms into the explorer bee, and 

the search range is gradually reduced, which strengthens the local search ability of 

nectar sources. 

3.4 Positioning algorithm flow 

In order to improve the positioning accuracy of the DV-hop algorithm, this paper 

proposes an improved positioning algorithm of IMABC-DV-Hop. The basic idea of the 

improved algorithm is: Use a reverse learning strategy in the initialization phase of the 

ABC algorithm to improve the uniformity and uniformity of the initial population 

distribution Diversity; and in order to avoid the algorithm falling into the problem of 

local optimal solutions, the crossover and mutation operations of genetic algorithms 

are introduced to increase the diversity of nectar sources and enhance the excellent 
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characteristics of group nectar sources; in addition, this paper introduces a chaotic 

search search strategy, which can be the most current The neighborhood of the 

optimal solution is searched locally, the search range is gradually narrowed, and the 

search ability of the nectar source is improved, thereby speeding up the convergence 

speed. The main steps of the algorithm are to first calculate the average hop distance 

and hop distance between the unknown node and the anchor node through the DV-

Hop algorithm, and then improve the particle swarm artificial bee colony algorithm 

and apply it to the DV-Hop algorithm. In the third stage, the node positioning problem 

is transformed into a global optimization problem, so as to complete the final 

positioning. In the IMABC-DV-Hop algorithm flow, the specific execution steps of 

calculating the unknown node coordinates are as follows:  

(1) Initialize the DV-Hop algorithm and set the relevant parameters of this algorithm. 

Including the number of nectar sources, namely the number of leading and following 

bees, the space dimension, the maximum number of iterations 𝑡𝑚𝑎𝑥, the limit of the 

number of searches, and the crossover probability𝑃𝐶and mutation probability𝑃𝑚. 

(2) Initialization stage: According to formula (5), SN initial solutions are randomly 

generated, that is, the number of food sources and bees. Each solution is a D-

dimensional vector, and D is the number of parameters of the optimization problem. 

(3) According to the reverse learning strategy, calculate the reverse solution 

corresponding to the gray initial population, evaluate the current solution and the 

reverse solution, and merge the 50% current solution and 50% reverse solution 

population individuals with better fitness as the improved ABC The initial population 

of the algorithm. 

(4) This paper uses the positioning error as the fitness function to calculate the fitness 

of SN food sources. 

(5) Execute the hire bee and observation bee phases, and limit the scope of parameter 

optimization. 

),min(),max( ijjijjij xLUxLBx                                         (16) 

In formula (16), LBj and LUj are the jth element of LB and LU respectively. 

(6) In the stage of reconnaissance bee, the poorer food source is discarded, and a 

new food source is generated at the same time, and then the better nectar source is 

cross-mutated. 

(7) If the adaptability of the new nectar source Ni is greater than Xi, replace Xi with 

Ni, otherwise retain Xi; 

(8) The best source of memory; 

(9) If the set number of iterations is reached, the chaotic search operator is used to 

perform a local search on the current optimal position and update the optimal position; 

(10) Determine whether there is a source of nectar to give up, if it exists, the lead bee 
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at that place becomes a scout bee; 

(11) If the profit difference of the better honey source is small, the position update 

formula of the new honey source is (12); 

(12) If the termination conditions are met, the algorithm ends and outputs the current 

optimal solution, which is the unknown node coordinates (x, y), otherwise, it will 

continue to lead the bee to search for nectar sources according to formula (10) and 

calculate its profitability; 

 

4. Experimental results and analysis 

This study compares the improved IMABC-DV-hop algorithm with ABC-DV-hop and 

DV-hop algorithms through simulation experiments. The experimental environment is 

MATLAB platform. The simulation environment parameters are set as: set the network 

area to 100*100mm, the total number of all nodes in the area is 100, the number of 

beacon nodes is 8, the number of unknown nodes is 92, the number of honey sources 

is 50, the spatial dimension is 2, and the maximum number of iterations 50, limit the 

number of searches lim it= 100. GBCA parameter selection: The population size is 100, 

the scout bee is 50, the lead bee and the follower bee are both 50, the initial value of 

the crossover probability Pc is 0.7, and the initial value of the mutation probability Pm 

is 0.3. The normalized average positioning error is used to measure the accuracy and 

stability of the algorithm. The normalized average positioning error is expressed as 

     

kR

k

u

u
 1




                                                   (17) 

In formula (17), k is the total number of nodes and R is the communication radius. 

The experiment compares and analyzes the performance of the three algorithms by 

changing the ratio of anchor nodes, the total number of nodes, and the communication 

radius. 

4.1 The influence of anchor node ratio on average positioning error 

As shown in Figure 4-1,100 nodes are randomly distributed in a square area with a 

communication radius of 36m. When the number of nodes and the communication 

radius remain unchanged, the impact of the anchor node ratio on the average 

positioning error when the ratio of anchor nodes changes from 10% to 31%. It can 

be seen from the trend graph that the unknown nodes receive more information due 

to the increase in the proportion of anchor nodes, and the positioning accuracy is 

improved. The average positioning errors of the three positioning algorithms are 

gradually decreasing with the increase in the proportion of anchor nodes and finally 

stabilized. Compared with the DV-hop algorithm and the ABC-DV-hop positioning 

algorithm, the positioning accuracy of the IMABC-DV-hop algorithm is improved by 

16.6% and 5.41% respectively. 
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Figure 4-1 The influence of beacon node ratio on positioning error 

 

Figure 4-2 The influence of communication radius on average positioning error 

 

4.2 The influence of communication radius on average positioning error 

As shown in Figure 4-2,100 nodes are randomly distributed in a square area, and the 

anchor node ratio is 20%. When the number of nodes and the anchor node ratio 

remain unchanged, when the communication radius gradually changes from 20m to 

45m in steps of 5m, The change trend of the average positioning error. As shown in 

the figure, when the communication error changes from 20m to 26m, the positioning 

error decreases rapidly, and the communication radius will affect the number of hops 

between nodes, and then affect the distance estimation value of the positioning 

algorithm, and the positioning error will also become smaller. However, the error of 

the hop count will increase with the increase of the communication radius, and the 
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positioning error will increase or stabilize at this time. Compared with the DV-hop 

algorithm and the ABC-DV-hop positioning algorithm, the positioning accuracy of the 

IMABC-DV-hop algorithm is improved by 17.85% and 5.31% respectively. 

4.3 The influence of the number of nodes on the average positioning error 

As shown in Figure 4-3, 100 nodes are randomly distributed in the square area, and 

the anchor node ratio is 20%. When the communication radius and anchor node ratio 

remain unchanged, the average positioning error is when the number of nodes 

changes from 100 to 200 The trend of change. As shown in the figure, the average 

positioning errors of the three positioning algorithms all decrease as the number of 

nodes increases. Compared with the DV-hop algorithm and the ABC-DV-hop 

positioning algorithm, the positioning accuracy of the IMABC-DV-hop algorithm is 

improved by 15.07% and 4.84% respectively. 

 

 

Figure 4-3 The influence of the number of nodes on the average positioning error 

 

5. Conclusion 

The positioning of the wireless sensor network is one of the supporting technologies 

of the sensor network. In this paper, the third stage of the non-range positioning 

technology DV-hop algorithm uses the least square method to estimate the unknown 

node coordinates with a certain error. The positioning problem is transformed into a 

global optimization problem. First, the artificial bee colony algorithm is introduced to 

solve this optimization problem, and the basic artificial bee colony algorithm is 

improved to solve the problem of slow convergence of the ABC algorithm, premature 

maturity, and poor colony diversity, and the IMABC-DV-hop algorithm is proposed. 

Simulation experiments show that the proposed improved algorithm has a smaller 

average positioning error than the DV-hop and ABC-DV-hop algorithms while changing 
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the ratio of anchor nodes, the total number of nodes, and the communication radius. 

Improved the positioning performance of the algorithm to a certain extent. However, 

due to the differences in node distribution, some nodes may use traditional positioning 

algorithms to have better performance than improved positioning algorithms. 

Subsequent research on how to distinguish these nodes to improve positioning 

performance will be the future direction of work. 
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