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Abstract—The enormous technical development has resulted in the ubiquitous adoption wireless sensor
networks (WSN) in many spheres of life, posing great obstacles, the most essential of which is location
determining. There are three most well-known methods to handle these difficulties: Based on the K-means
model (an algorithm for grouping data) the first method divided a data set. The second method is the PSO
algorithm, which makes use of a group of elements known as a "swarm" randomly dispersed in a constrained
area to arrive to the ideal answer. The third method is the genetic algorithm, which uses Darwinian
perspective imitation of the work of nature to attain optimum. In order to decrease the localization error in
this paper, a hybrid method was applied leveraging the advantages of the genetic algorithm and the swarm
intelligence algorithm. Actually, this method was evaluated individually against the k-means method, the
intelligent swarm algorithm, and the genetic algorithm. The novel method greatly lowered the localization
error in wireless networks and obtained an average error of 28.56 m, the lowest among the three compared
techniques. The performance of the suggested method was assessed by means of simulations adjusting
numerous PSO and GA parameters. While the results of GA and PSO converge and one may move over the
other, the experimental results revealed that the suggested algorithm is always the best and k-means is the
lowest.

Keywords— sensor, genetic algorithm, Wireless sensor networks.

I.  INTRODUCTION

Technology that utilizes wireless sensor networks has
gained widespread recognition as a result of the widespread
implementation of applications such as the Internet of
Things. Mobile sensor networks are utilized in a wide variety
of applications, including battlefield surveillance,
earthquake detection, and other safety or essential
monitoring [1]. When it comes to wireless sensor networks
(WSNs), localization is an important field of exploration that
scientists can use and investigate. This is because
localization plays an important part in WSNs. The WSNs,
which are depicted in Figure 1, are utilized for the purpose of
transferring the data that corresponds to the surrounding
observations to the BS based system. The majority of the
applications are associated with location awareness, which
is the process of determining the location of a node, which
can be either an unknown or a seen node. A refinement of
the data that was obtained is performed using the position
information of the node [2].

In some situations, it is not viable to perform canonical
actions to identify individual sensor nodes. Localization is
the process of estimating the node's position using current
information.

Localization in Wireless Sensor Networks (WSNs) aims to
deploy a sensor in a specified area of interest to its

neighbours. Localization strategy is influenced by the
distance estimating technique. Computer algorithms [3]
help one to find suitable distance values. K-means and other
computational intelligence methods such the Genetic
Algorithm can find the optimal distance. Every approach is
executed differently [4]. This work, however, applies and
contrasts Swarm Intelligence-based approaches with K-
Means and Genetic Algorithm (GA) using the recommended
approach. Recent developments in localization and
clustering show that K-Means, GA, and PSO could tackle
challenging issues [5].
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Fig. 1 WSN : Wireless Sensor Network
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Distinguished clustering technique K-Means divides data
into K clusters and simultaneously reduces the variation
within every cluster. Although it may be sensitive to the
initial centroid, which could result in the development of
local minima, the fact that it is so simple and efficient makes
it a great choice for big datasets. Based on natural selection,
genetic algorithms (GA) are useful for investigating vast and
complicated search spaces; nevertheless, if improperly
tuned, they can be computationally costly and show early
convergence tendency. Similarly, PSO, which is based on
social behaviour in nature, has a simple implementation and
is successful in a range of optimization tasks, but it also
meets the problem of early convergence in complex
scenarios [6]. Although these algorithms have great value, it
is imperative to fully understand their shortcomings if one is
to create more solid solutions. On this research is to address
these deficiencies by presenting an exhaustive analysis of
hybrid optimization methods that are utilized in the process
of wireless sensor network localization. We explore the
complexity of localization methods including evolutionary
algorithms, PSO algorithms, and meta-algorithmic
approaches with special focus on how these methods may
be used to reach accurate and efficient localization inside
wireless sensor networks. [7].

The purpose of this study, is to implement and analyze the
performance of approaches based on swarm intelligence in
comparison with basic techniques such as K-Means and
Genetic Algorithm (GA), and then compare those techniques
with the algorithm that has been proposed.

Il. LITERATURE REVIEW

This section synthesizes recent surveys from review
studies to highlight localization error's current issues. It also
reveals its future. Many scholars have researched wireless
sensor network localization error reduction. To
demonstrate the new algorithm's efficiency, we'll compare
its research to previous investigations. [8] Wireless
communication's basic features and the changeable
network environment make WSN localization difficult [9].
Optimization methods find the ideal node placements to
minimize localization errors or maximize network
connection [10].

Recently, swarm intelligence approaches have gained
popularity for solving a variety of optimization challenges. K-
Means, PSO, GA, and hybrid algorithms can improve WSN
localization [11]. In [12-14], K-Means localizes nodes by
proximity. Simple and computationally efficient, K-Means is
ideal for large networks. While minimizing localization
mistake, its centroids sensitivity may lead to poor grouping
and more errors. K-Means assumes spherical clusters,
although WSNs with unequal nodes may not. WSNs localize
using PSO, a population-based optimization method
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influenced by bird or fish social behavior. PSO's main value
is finding optimal solutions in huge spaces without gradient
information. It aids dynamic localization and ongoing
improvement. Early PSO convergence, especially in high-
dimensional search spaces, reduces solution quality and
localization accuracy [5]. Modifying inertia weight and
particle  velocity lessens this but complicates
algorithms.Genetic algorithms are widely used to optimize
WSN localization [4]. GAs cross, mutate, and choose
solutions like natural selection. GAs consistently solve
complex, multimodal optimization problems, making them
suitable for WSN localization with huge, nonlinear solution
spaces. GAs require a lot of computational resources for
repetitive search, which may slow processing. Untuned GAs
may prematurely converge, resulting in unsatisfactory
solutions and excessive localization error [15].

K-Means, PSO, and GA complicate WSN localization
mistake, with pros and cons. K-Means setup-dependent but
computationally efficient. PSO searches broadly but may
converge early. Although computationally expensive, GA
can solve difficult problems. PSOs and methods reduce
localization error, especially in big WSNs. As the field
develops PSO methods could help to limitation localization
error. In this study have implemented a new hybrid
algorithm formulating the combined advantage of the local
modification options of GA and global search ability of PSO.
The performance analysis results according to simulations
reveal that the hybrid approach achieves higher
performance on localization error reduction in WSNs if
compared with standalone PSO, GA, and K-Means methods
(28.56 m on average).

I1l. K-MEAN

Data can be categorized into clusters by a technique
known as clustering, which organizes the data based on the
level of similarity among various categories [16]. Recent
advancements enhance the reliability of localization by
integrating K-means with fault-tolerant systems to identify
and eliminate defective nodes [17]. For the method to be
effective, it must initially create a cluster by arbitrarily
selecting specific central locations, referred to as centroids,
from the pool of available sites. Upon completion, each data
point is allocated to the centroid nearest to it. Once each
point is allocated to a cluster, the centroids are updated by
computing the average position of the points inside each
cluster.

This procedure is reiterated until every point has been
allocated to a cluster. It is necessary to repeat this process
until the centroids stabilize and clusters are formed to attain
the desired outcomes. Clustering is a method that partitions
data points into clusters, ensuring that the points inside
each cluster are similar to one another. The objective of
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clustering is to attain this condition. The combination of K-
means with multi-layer methodologies improves the
identification of data patterns in multi-target localization
contexts [18].

IV. EVOLUTIONALLY TECHNIQUES IN WSN

A. Swarm intelligence (PSO)

PSO algorithm uses a swarm-based search procedure,
where each particle represents a potential solution in D-
dimensional space. Each particle can remember the optimal
position of the swarm, its own, and its velocity. Particle
information is combined in each generation to change
velocity and compute the particle's new position. Particles
constantly adjust their states in multi-dimensional search
space until reaching balance or optimality, or exceeding
calculating constraints. Unique connections between
problem space dimensions are established using objective
functions. There is ample empirical evidence that this
algorithm is an efficient optimization tool. By utilizing
decentralized algorithms that draw inspiration from nature,
PSO can enhance the performance of wireless sensor
networks (WSNs). PSO optimizes network characteristics by
modifying particle velocities and locations depending on
individual and collective experiences using equations 1and 2:

v I(T+1)=w*v I(T)+C1*R1*(P BEST-X |(T))+c2 RZ*(G BEST -

X_I(T)) .. (1)

X_I(T+1) =X _I(T)+V_I(TH) eevieriiniiniiecinieceeiecee s (2)

Particle i's velocity and position are v_i and x_i. w is the
inertia weight, c1 and c2 are acceleration coefficients, r1 and
r2 are arbitrary values between 0 and 1, and p_best and
g_best are the particle and swarm's best-known positions.
These methods boost WSN energy efficiency, data routing,
and fault tolerance. Recently, swarm intelligence
technologies have optimized WSN performance[19]. When
it comes to wireless sensor networks (WSNs), PSO has been
utilized to maximize node placement approaches, hence
boosting coverage and connectivity [20].

B. Genetic algorithms

GAs in wireless sensor networks help to maximize energy
economy, coverage, and endurance. Crossover, mutation
and selection constitute the three primary operators for
modelling natural selection [21].

To raise their genetic transmission, the selection operator
selects from the population people with superior fitness
degrees using a fitness function. Higher residual energy in
wireless sensor network cluster heads helps to maximize
energy use.

In crossover, two parents' genetic material is combined
to produce children with variation. Between two wireless
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sensor network topologies, the exchange of routing path
segments could probe new routing techniques[22].

By randomly changing genes, mutation preserves genetic
variety and avoids convergence. In a wireless sensor
network, this could mean shifting sensor nodes at will to
increase coverage. Nodes must be positioned deliberately
for best coverage of a wireless sensor network .. Each
chromosome signifies a possible configuration of nodes.
The fitness function assesses the coverage area of each
configuration. The genetic algorithm (GA) enhances node
placements iteratively through selection, crossover, and
mutation to attain optimal coverage.

V. PROPOSAL HYBRID ALGORITHM

Through the utilization of the advantages offered by
both Particle Swarm Optimization (PSO) and Genetic
Algorithm (GA), the hybrid algorithm that has been
suggested is able to minimize the amount of localization
error that occurs in wireless sensor networks (WSNs) in an
ideal manner, as shown in Figure 2. PSO's swarm-based
search initially performs an efficient exploration of the
solution space, hence locating promising node sites. After
that, genetic algorithms, with a more refined population size,
improve solutions by employing factors such as selection,
crossover, and mutation. As the initial population for GA, the
best solution that was obtained by PSO is provided. This
ensures that GA will converge more quickly and with more
precision. For the purpose of reducing the number of
localization error, this adaptive hybridization works better
than PSO, GA, and K-Means clustering.

Fig. 2 Flowchart of the Hybrid Algorithm
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The hybrid algorithm's flowchart is found in figure 2. It
graphically shows the sequence whereby PSO first searches
the search space and finds an optimal solution, which is
subsequently passed as an initial population to GA for
additional improvement via selection, crossover, and
mutation. Plotting the cumulative distribution function (CDF)
of localization error helps one to evaluate several
techniques [23-24]. The equation (3) [25]

F(X)=P(ESX) e veeeee et e e v e

3)

It is the Cumulative Distribution Function (CDF) of the
localization error E. It represents the probability that the
localization error is less than or equal to a given value x.
Explanation of terms are :

e F(x): The CDF, which gives the probability that the
random variable E (localization error) is less than or
equal to x.

e  P(Exx): The probability that the error does not exceed
X, meaning the fraction of observations (or samples)
where the error is at most x.

e E:Arandom variable representing the localization error.
e x:Athreshold value for localization error.

interpretation of mathematical concepts a continuous
random variable's standard deviation (CDF) E can be defined
using equation (4) as follows:

F(x) = [ f(t)dt ..(3)

f(t) is the Probability Density Function (PDF) of E. The
integral sums up all probabilities from - to x, ensuring that
F(x) always increases as x increases. For discrete data, the
CDF is computed as equation (5):

f) =

" Total number of values' """

Numberof value E<x

--(5)

It is Effective for Analyzing Localization Errors Imagine a
network of one hundred sensor nodes, each of which has its
own unique localization error. Assuming fifty nodes have
errors of five meters or less, the following can be said:

F(5)50—05
10

This means 50% of the nodes have localization errors < 5
meters. If 80 nodes have errors less than or equal to 7
meters, then:
F(6) 80 0.8
100

Meaning 80% of the nodes had localization erorr less than
seven meters. Assume for ten nodes we have localization
error data:E=[2.5,3.0,4.1,4.2,5.0,5.5,6.3,7.1,8.0,9.5].In order
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to calculate F(6):Count the mistakes <6; from these are
values: 2.5,3.0,4.1,4.2,5.0,5.5 => 6 numbers. Where isa F(6)
= 6/10 = 0.6 are indicates that 60% of nodes exhibit
localization errors of 6 meters or less. The CDF is
advantageous in WSN optimization due to the following
reasons [26]:

Evaluates the effectiveness of optimization methods (e.g.,
PSO, GA) in reducing localization error.

e Comparison: PSO achieves more accurate localization if its
CDF is steeper than GA.

¢ Assists in decision-making by assessing the number of
nodes within acceptable error limits for localization.

VI. COMPUTATIONAL COMPLEXITY

Computational complexity is the quantity of steps an
algorithm takes, based on the size of an input. For example,
in PSO, GA, Hybrid, different complexity parameters as
number of iterations, population size, and dimensions are
taken into account. PSO is a research approach which
iteratively evolved by adjusting the position and the velocity
of those particles. Its time complexity is determined by
these factors and can be formulated by concrete time
complexity equations without using terms of numbers of
solutions, iterations, as well as dimensions. Time Complexity
of PSO = O(NxMxD) Where N= no. of particles (swarm size),
M=(No. of iteration) and D=(No. of dimension (Optimize
Variable)). The complexity is linear to the number of
particles, and to the number of iterations, and to the number
of dimensions, because a particle’s fitness has to be
evaluated for every dimension based on every iteration. GA
works by selection, crossover and mutation of a population
of candidate solutions. The Computational complexity of
genetic algorithms are:

Time Complexity of GA=O(PxGx(NxD)) . Where:P=
(Population size),G= (Number of generations),N= (Number
of individuals (in the population)) and D= (Number of
variables (dimensions) in each individual (chromosome)).
The complexity involves processing the entire population
for each generation, where each individual’s fitness
evaluation depends on the number of variables. The hybrid
algorithm combines PSO and GA by leveraging the global
search capability of PSO and the local search refinement of
GA. The total computational complexity of the hybrid
approach is: Time Complexity of Hybrid Algorithm
=0(NPSOxMPSOxD)+O(PGAxGGAx(NGAxD)) Where: NPSO,
MPSO, and D refer to the PSO parameters. PGA, GGA, and
NGA refer to the GA parameters. The PSO hybrid version
initially runs PSO and after that, to apply the hybrid
algorithm, (5) is utilized, where the fitness value of each
particle is evaluated for MPSO iterations. Then the best one
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in PSO is sent to GA, and GA evolves it GGA generations. Thus,
the time complexity is the addition of the time complexities
of PSO and GA.

Memory footprint is the ram occupied by variables and
intermediary results. This memory contains information for
the particles, the population and variables such as best
solutions and velocities of PSO, GA and Hybrid algorithms.
The memory requirement of PSO can be assessed as:
Memory Footprint of PSO = O(NxD)+O(NxD)+O(NxD)+O(D)
where : N = Number of particles and D = Number of
dimensions (variables). Each particle stores its position and
velocity, requiring NxD memory for positions and
velocities.Additionally, the algorithm stores the best
position for each particle and the global best position, which
requires NxD memory for personal bests and D memory for
the global best. The memory footprint of GA can be
expressed as: Memory Footprint of GA =
O(PxD)+0O(P)+O(PxD) where : P = Population size and D =
Number of dimensions (variables). The population consists
of P individuals, and each individual is a chromosome of size
D, so O(PxD) memory is needed. Additionally, the fitness
values for each individual require O(P) memory.Temporary
storage for «crossover and mutation also requires
O(PxD).finally, the memory footprint of the Hybrid
Algorithm is the sum of the memory required for PSO and
GA: Memory Footprint of Hybrid Algorithm=
O(NPSOxD)+O(NPSOxD)+O(NPSOxD)+O(D)+O(PGAxD)+0(
PGA)+O(PGAxD).  Memory  Footprint of  Hybrid
Algorithm=0(NPSOxD)+O(NPSOxD)+O(NPSOxD)+0O(D)+0O(
PGAxD)+O(PGA)+O(PGAxD) Where: NPSO, MPSO, and D
refer to the PSO parameters. PGA, GGA, and D refer to the
GA parameters. These are the equations that explain the
computational complexity and memory requirements of the
PSO, GA and Hybrid algorithms, and they should provide a
very good idea of the kind of resources you need to use each
of them. Furthermore, MATLAB simulation results were
used to perform a comparison in performance. The results
demonstrate that the introduced hybrid approach exhibits a
small mean localization error (28.56 m) which outperforms
individual PSO (32.85 m), GA (32.39 m), and K-Means (52.58
m) methods. These results are presented in Figures 4 and 5
and discussed in the Results and Discussion.

VII.RESULT AND DISCUSSION

In order to carry out simulations, an Intel Core i-5 computing
machine was utilized, and the Network Simulator (MATLAB)
was utilized for the coding process. When there are no
values that are lower than the smallest mistake, a CDF plot
begins at zero and climbs to one. This occurs when all of the
values have been taken into account. If the CDF curve is
steeper, then the mistakes will be more frequently grouped
around lower values, which will result in improved accuracy.

Vol 11, Issue 2 (2025)

Flatter curves imply less dependability of localization and
more scattered inaccuracy. Making decisions by evaluating
the number of nodes inside error boundaries helps one
choose the optimum localization method. A statistical
measure of a localization error E below a given threshold x
is the CDF, F(x)=P(Ex<x). This article evaluates optimization
strategies by measuring the statistical correctness of
localization in WSNs. A steeper CDF denotes better
localization accuracy; a slow CDF denotes generally large
errors.

5 | %% Parameters

6  num_nodes = 100;
7 | num_heads = 20;

8 | area_size = 100;

9 | max_iter = 100;

10 | swarm_size = 300;
11 | ga_population = 50;
12 | kmeans_iter = 100;
13

% Total sensor nodes

% Cluster heads

% 100x100 meters

% Maximum number of iterations for PSO and GA
% Number of particles in PSO

% Population size for GA

% K-Means iterations

14 | %% Generate Node Positions

15 | rng(42); % For reproducibility

16 | nodes = area_size * rand(num_nodes, 2); % Random positions for sensor nodes
17 | head_indices = randperm(num_nodes, num_heads); % Randomly select cluster heads
18 | cluster_heads = nodes(head_indices, :); % Cluster heads positions

19

20 | %% PSO Parameters

21 w=0.5; % Inertia weight

22 | ¢l = 1.5; % Cognitive coefficient

23 | ¢2 = 1.5; % Social coefficient

24  dim = 2; % Dimensionality (2D space)

25

26 % Initialize PSO particles

27  particles_pos = area_size * rand(swarm_size, num_nodes, dim); % Random initial positions
28  particles_vel = zeros(swarm_size, num_nodes, dim); % Zero initial velocities

29  personal_best_pos = particles_pos; % Personal best positions

30  personal_best_error = inf(swarm_size, 1); % Personal best errors

31  global_best_pos = zeros(l, num_nodes, dim); % Global best position

32  global_best_error = inf; % Global best error

33

*

34 %% PSO Optimization Loop

Fig. 3 Parameters of MATLAB program PSO, GA, k-mean and Hybrid
algorithm

These techniques degrease the localization error, hence
increasing network dependability and efficiency. Combining
the advantages of both optimization approaches helps the
hybrid algorithm to increase the localization accuracy of
Wireless Sensor Networks. PSO starts off quickly looking for
the best location. Through selection, crossover, and
mutation, GA polishes the response. Better than alone PSO,
GA, and K-Means clustering this hybrid approach decrease
localization error. The Euclidean distance equation (7) is
used to determine the localization error, which is as follows:

Ei = \/(xtrue,i - xest,i)2 + (y - yest,i)z --------- (7)

where Eiis the localization error of node i, (Xtruei,Ytrue,i) are
the actual coordinates of the node, and (Xest,,yest;i) are the
predicted positions of the node, where Ei is the localization
error of node i, (Xtrue,i,Ytrue,i) are the actual coordinates of the
node, and (Xest,j,yest,i) are the predicted positions of the node.
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This is demonstrated by the cumulative probability
distribution, the total number of target nodes in the area is
fix as 100 and 20 as cluster head for this simulations. the
density of anchor nodes (per m2) and value for different
parameters of simulation is given in figure 3 that first page
of MATLAB program.

In Figure 4 is shown demonstrates that the hybrid
technique produces lower error than other methods. Matlab
was utilized in order to carry out the simulation study as well
as the performance analysis of the proposed scheme. For
the purpose of simulation, a sensor network consisting of
static target and anchor nodes would be installed in an area
measuring 100 meters by 100 meters. Randomly generated
(x,y) coordinates within the boundary are used to represent
the positions of the nodes (see figure 4 for further
information concerning this).

Vol 11, Issue 2 (2025)

hybrid algorithm is 28.56 meters: The hybrid technique, which
consists of employing PSO followed by GA, has the best
performance with a mean error of 28.56 meters, which
indicates that it has the lowest amount of error in
comparison to the other alternatives.As a matter of fact, the
mean localization error (K-Means) is 52.58 meters: With a
mean inaccuracy of 52.58 meters, the K-Means clustering
technique is the one that has the most potential for error.
The letter'm' in the output can be interpreted as the unit of
measurement for the errorin the localization measurements.
This indicates that the average distance between the actual
positions of the sensor nodes and the estimated positions of
those nodes is expressed in meters.

In Figure 5, PSO, GA, and the Hybrid Algorithm all
outperform K-Means, with the Hybrid Algorithm having the
lowest mean localization error. Because the optimization
concluded at the maximum number of generations (100), it

1.0 . T T == . - - . .
- —‘:7=' = — is possible that the algorithm did not have enough time or
09} I,r" ’ . iterations to find a better solution. For better optimization
| f‘ - 4 — outcomes, consider increasing the number of generations
- yi J S e K-Means (iterations) or adjusting other parameters (such as
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Fig. 4 Comparison among PSO, GA, K-mean and hybrid algorithm == HybridAlgorithm
...... K_M
In order to enhance its solution, the algorithm goes through 0 i

a certain number of iterations, which are referred to as
generations. The program has terminated its execution in this
instance after reaching the maximum number of generations
that was specified in the code, which was one hundred
iterations. On the other hand, we were able to interpret the
errors that were caused by the localization. The mean
localization error (PSO) is 32.85 meters on average. Using the
Particle Swarm Optimization (PSO) technique, the mean error,
also known as the average distance, between the actual
placements of the sensor nodes and the estimated positions
of those nodes is 32.85 meters. On the other hand, the mean
localization error (GA) was 32.39 meters. A mean error of 32.39
meters is obtained through the use of the Genetic Algorithm
(GA), while the mean localization error obtained with the

50 60 70 80
Localization Error (m)

Fig. 5 Experiment with different scenario using different parameters

There are occasions when we find that GA is superior to PSO
in terms of the least value of localization error, and vice
versa. This is something that we discover through a number
of trials and different situations that use different
parameters. In Figure 6, execution time plot showing the
computational complexity of each algorithm. The bar plot
compares the execution times (which serve as a proxy for
computational complexity) for each algorithm. The Hybrid
Algorithm should be the most optimized and have the
lowest execution time, as expected.
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1.4 Comparison of Execution Times (PSO, GA, Hybrid Algorithm)

Time (seconds)

PSO GA

HybridALgorithm

Fig. 6 Computational complexity of PSO, GA and Hybrid algorithm

All of the most recent values, however, suggest that the
Hybrid Algorithm fared the best, while the K-Means
algorithm had the highest error.

I. CONCLUSIONS

The problem of localization error in wireless sensor
networks (WSNs) is challenging since it involves K-Means,
PSO, and GA, each of which has both advantages and
disadvantages. K-Means is dependent on the configuration,
yet it is efficient in terms of computing. Even if early
convergence is possible, PSO is capable of searching on a
global scale. In spite of its high computing cost, GA is a
reliable solution for difficult problems. The precise location
of sensor nodes is absolutely necessary for the efficient
operation of wireless sensor networks (WSNs). Because of
the features of wireless communication and the changing
nature of the network environment, it is difficult to achieve
reliable localization of WSN nodes. The application of
optimization algorithms has emerged as a potentially useful
strategy for addressing this difficulty. The purpose of this
paper is to provide a full analysis of the K-mean, GA, and PSO
WSN node localization algorithms, along with a new
implementation hybrid approach. Several other localization
strategies, such as evolutionary algorithms, swarm
intelligence, metaheuristic approaches, and the classical
optimization k-mean, were among the different methods
that were studied. Additionally, we examined and compared
various optimization techniques, taking into consideration
the localization error; the hybrid approach was shown to
have the lowest localization error across all situations of the
proposed methodology.
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