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Abstract—Wireless Sensor Networks (WSNs) face
obstacles in energy efficiency, coverage optimization,
and data collection reliability due to resource
limitations. This study deploys Artificial Bee Colony
(ABC) algorithms to improve network performance.
The proposed approaches include clustering models
for balanced energy consumption, routing algorithms
for optimized data transmission, and scalable
approaches to improve network coverage. By
addressing difficulties such as cluster head selection,
wireless node path optimization, and data latency, the
algorithms significantly extend network lifetime,
enhance data collection efficiency, and achieve
superior  coverage rates.  Simulation  results
demonstrate the performance of ABC-based methods
compared to traditional optimization algorithms

Index  Terms—Artificial Bee Colony, ABC,
Optimization

I. INTRODUCTION

Optimization problems are intrinsic to numerous
fields, encompassing from engineering and
computer science to operations research and
logistics [16]. These problems, often characterized
by high complexity, nonlinear interactions, and
conflicting objectives, require innovative and
efficient solutions. Among the multitude of
approaches developed, nature-inspired algorithms
have emerged as particularly effective tools. One
such type of algorithm is, Artificial Bee Colony
(ABC)  algorithm,  stands out for its
comprehensibility, adaptability, and efficiency in
solving a broad spectrum of optimization problems
[7]. Based on the shared foraging patterns observed
in honeybee colonies, the behavior is deeply merge
in their collective dynamics, the ABC algorithm
embodies the principles of self-organization,
adaptability, and collaboration that define these
natural systems [2].

The ABC algorithm was initially introduced by
Karaboga in 2005 as a novel metaheuristic
optimization technique [12]. The method imitates

the intelligent foraging behavior of honeybee
colonies, where individuals work collectively to
discover and extract optimal food sources while
maintaining a responsive search process [10]. In
computational terms, the algorithm maps the
biological behaviors of bees—such as food source
discovery, resource sharing, and exploration—onto
key stages of optimization. These resemblances
allow the ABC algorithm to simulate a equitable
balance between local exploration (intensification)
and global search (diversification), making it
particularly  suitable for solving nonlinear,
multimodal, and complex problems [13].

What makes the ABC algorithm unique is its elegant
yet robust framework. Unlike many other
metaheuristic algorithms that involve detailed
mechanisms and a multitude of parameters, the
ABC algorithm employs a minimalistic approach
[13]. This comprehensibility not only makes it easy
to implement but also enhances its flexibility and
scalability across diverse application domains. In
particular, the algorithm has demonstrated
exceptional performance in areas such as
engineering design, wireless sensor networks
(WSNs), image processing, data mining, and
scheduling. The adaptability of the ABC algorithm
also lends itself to hybridization and integration with
other optimization techniques, further broadening its
scope and potential [10].

At its core, the ABC algorithm revolves around
three primary roles within a virtual colony:
employed bees, onlooker bees, and scout bees [7].
These roles correspond to distinct phases in the
optimization process. Employed bees focus on
leveraging known solutions and refining them, while
onlooker bees evaluate and select promising
solutions based on shared information. Meanwhile,
scout bees explore new areas of the unexplored
space to introduce diversity and stop the algorithm
from stagnating in local optima [9]. This division of
labor impersonates the natural dynamics of
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honeybee colonies, where effective communication
and responsive role distribution are critical for
survival and efficiency.

In optimization, the “search space” constitutes the
domain of all possible solutions to a given problem.
Food origins correspond to these results, and their
”nectar amount” reflects their fitness or quality [9].
The algorithm begins by initializing a population of
random solutions, after which it iteratively refines
these solutions through cycles of exploration and
exploitation [13]. By leveraging probabilistic
selection mechanisms, neighborhood searches, and
random exploration, the ABC algorithm effectively
balances the trade-off between converging on
promising regions and exploring uncharted areas.

One of the remarkable applications of the ABC
algorithm lies in the realm of wireless sensor
networks. These networks, composed of physically
distributed sensor nodes, are vital in modern
technologies such as environmental monitoring,
smart cities, and industrial automation [6]. However,
WSNs face significant challenges, including limited
energy resources, communication constraints, and
the need for efficient routing. The ABC algorithm
addresses these challenges by enhancing key
parameters such as cluster head selection, routing
paths, and energy distribution. By doing so, it
enhances network lifespan, reliability, and overall
performance, demonstrating its potential in tackling
real-world engineering problems [4].

Beyond WSNs, the ABC algorithm has been
effortlessly applied to other domains, including
engineering design, where it aids in optimizing
structural configurations and component layouts. In
image processing, the algorithm has been utilized
for tasks such as segmentation, feature selection,
and enhancement [5]. Its ability to navigate
complex, high-dimensional search spaces makes it a
precious tool in data mining, where uncovering
meaningful patterns and insights from large datasets
is paramount. Additionally, the ABC algorithm has
proven effective in resource allocation, scheduling,
and other combinatorial optimization problems,
underscoring its versatility [13].

Despite its strengths, the ABC algorithm is not
without limitations. In certain scenarios, particularly
those involving highly rugged or deceptive search
spaces, the algorithm may converge prematurely to
suboptimal solutions. To mitigate this, researchers

have proposed various enhancements, including
adaptive parameter tuning, hybridization with other
algorithms, and the incorporation of multi-strategy
approaches. These improvements aim to enhance the
algorithm’s convergence speed, robustness, and
ability to escape local optima, further reinforcing its
position as a leading optimization tool [7].

The growing popularity of the ABC algorithm can
also be attributed to its alignment with current
trends in computational intelligence. As fields such
as artificial intelligence, big data analytics, and the
Internet of Things continue to develop, the demand
for efficient and adaptable optimization techniques
is increasing. The ABC algorithm’s capability to
adjust to different problem domains, coupled with
its computational efficiency, positions it as a
valuable asset in addressing these emerging
challenges.  Moreover, its  simplicity and
transparency make it accessible to researchers and
practitioners across disciplines, fostering widespread
adoption and innovation [8].

The potential of the ABC algorithm extends beyond
traditional optimization problems. With ongoing
advancements in  algorithmic  design  and
computational resources, new opportunities are
emerging to integrate the ABC algorithm with
machine learning, neural networks, and other
cutting-edge  technologies. For example, the
algorithm can be employed for feature selection,
hyperparameter optimization, and model tuning in
machine learning applications. Its ability to handle
multi-objective optimization problems also opens
doors to tackling complex challenges involving
conflicting objectives, such as balancing cost,
efficiency, and sustainability [10].

Il. RELATED WORKS

Mobile Wireless Sensor Networks (MWSNSs) have
emerged as a promising solution to address the
energy depletion and data transmission bottlenecks
observed in traditional wireless sensor networks. In
particular, research on data collection strategies in
MWSNs has gained significant attention due to the
need for energy-efficient routing and network
reliability. Numerous approaches have been
suggested to reduce the common issues associated
with fixed sensor nodes, such as the "energy hole"
problem, communication overhead, and constraints
in data transmission [15].
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Early research primarily focused on optimizing the
routing protocols for fixed sensor networks. In these
systems, sensor nodes are static, and data is
collected through a fixed routing path that leads to a
central Sink node. However, as nodes closer to the
Sink face a higher load, their energy drains faster,
leading to early node failures and a reduced overall
network lifetime. To address this issue, several
studies have turned to mobile Sink nodes, which can
traverse the network and adjust their routes
dynamically, offering more flexibility in terms of
load balancing and energy distribution.

The movement of the Sink node in MWSNSs is one
key aspect that has been explored. In particular,
approaches such as those proposed by Zhang et al,
Li et al, and Yang et al [14] focus on mobile Sink
strategies that either move along fixed paths or
adjust based on real-time network conditions. These
strategies aim to reduce energy consumption by
avoiding the concentration of traffic around the Sink
and extending the network’s operational lifetime.
However, these algorithms often overlook the need
to balance multiple objectives, such as maximizing
data collection efficiency, minimizing the mobile
Sink's travel distance, and ensuring network
reliability [14].

In response to these obstructions, some researchers
have  introduced  bio-inspired  optimization
techniques, such as the Particle Swarm Optimization
(PSO) and Atrtificial Bee Colony (ABC) algorithms.
These approaches are designed to solve NP-hard
problems by comprehensibility natural processes.
The ABC algorithm, in specific, has acquired
attention for its simplicity and efficiency in
exploring large solution spaces. Studies similar to
those by Karaboga et [11] and others have exhibited
the effectiveness of ABC in various optimization
problems, including MWSN path planning.
However, the need for an algorithm that can jointly
optimize cluster head selection, data transmission
paths, and mobile Sink routing remains a gap in the
current literature.

The proposed study seeks to fill this gap by
combining these concepts into a unified heuristic
approach. By leveraging the artificial bee colony
algorithm, the paper optimizes not only the Sink’s
path but also the selection of cluster head nodes and
data transmission routes, which significantly
improves energy efficiency, network reliability, and
overall data collection performance [15].

I11. WORKING OF ABC ALGORITHM

The ABC algorithm translates the foraging behavior
of bees into a computational framework to solve
optimization problems. The algorithm operates
through iterative cycles comprising the following
key phases [7]:

A. Initialization: A population of food sources
(candidate solutions) is randomly generated within
the search space. In optimization problems, the
"search space" talks about the set of all possible
solutions that the algorithm explores to find the
most optimal one. Each food source points to a
potential result to the optimization problem.

B. Employed Bee Phase: Employed bees look for
better solutions in the neighborhood of their current
food sources. They utilize a greedy selection
mechanism to determine whether to retain the
original source or replace it with a newly discovered
solution.

C. Onlooker Bee Phase: Onlooker bees assess the
quality of food sources based on a probability
proportional to their fitness. Using shared
information from employed bees, they focus their
exploration on promising areas of the search space.

D. Scout Bee Phase: Scout bees abandon food
sources that have not improved over a predefined
number of iterations and randomly explore the
search space to identify new solutions. This step
prevents the algorithm from stagnating at local
optima.

E. Evaluation and Update: The best solution found
so far is noted, until a termination criterion is met
the cycle is repeated, such as a maximum number of
iterations or convergence to a satisfactory solution,
is met.

IV. BIOLOGICAL INSIPIRATION

The behavior of honeybees in locating and
harvesting nectar from flowers provides the
foundational inspiration for the ABC algorithm. In
computational terms, "food sources" represent
potential solutions to optimization problems, while
"nectar amount"” corresponds to the fitness value of
these solutions. The roles of the employed,
onlooker, and scout bees are allocated to different
phases of solution survey and refinement, capturing
the dynamic and interactive aspects of the
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algorithm. In a natural hive, bees are classified into
three groups primarily: employed bees, onlooker
bees, and scout bees. Each type of bee does a
specific role in the colony's exploring process.
Employed bees exploit known food origins,
onlooker bees calculate the quality of food origins
based on shared data, and scout bees explore new
areas to discover potential resources. The division of
tasks and dynamic communication between these
groups enable the colony to optimize its energy
disbursement and maximize nectar collection [16].

V. ARTIFICIAL BEE COLONY ALGORITHM
AND METHODOLOGY

In 2005, Zhang et al [14], inspired by the foraging
patterns of bee colonies, introduced a novel heuristic
approach known as the Artificial Bee Colony (ABC)
algorithm. Within this algorithm, the "colony" is
divided into three different phases: employed bees,
onlooker bees, and scout bees. Each bee corresponds
to a location in the solution space, and the algorithm
uses the collective behavior of these bees to
discover the optimal path. Employed bees try to
explore formerly visited food sources, onlooker bees
select food sources based on the “dance” performed
by employed bees, and scout bees randomly look for
new food source\cite{yue2016abc}s. The food
source locations represent potential results to the
optimization problem, while the "nectar" quantity
embodies the fitness of each result. The algorithm
allocates the first half of the bee population as
employed bees, with the remaining half acting as
onlooker bees.

The ABC algorithm can be divided into four steps
primarily [1]:

A. Initialization: Assume the population size is SN,
where N represents the first set of food sources in
the initial population Xi = {Xil, Xi2, ..., XiD } (i
=1,2,...,N),and D is the dimension of the
optimization problem. The random initial population
is generated using:

Xj = Xmin + rand(0, 1) - (Xmax — Xmin) [15].

B. Population Update: The initial food source
locations are randomly given to employed bees.
During each iteration, employed bees explore
neighboring food sources of their current locations
using: V1j = X1 +rand(-1, 1) - (Xij — Xxj )

Here, ke {1,2,...,SN},je€{1,2,...,D}.

If the nectar quality of the new food source exceeds
the previous one, the employed bee moves to it; or
else, it stays at the current source [15].

C. Food Source Selection: Employed bees evaluate
food sources based on their nectar quality (fitness
value). Higher fitness results are more presumably
to be chosen for further exploration using:
fit(X,)
LX)

n=

where fit(Xn) represents the fitness of solution Xn,
proportional to the nectar quality of food source n.
The fitness value is calculated as:

1 .
fit(X,) {Tm flx)=0
L+abs(f (X)), f(X,) <o [15]

D. Population Elimination: If a solution stagnates
after repeated updates, it is considered to be stuck in
a local optimum and discarded. Corresponding
onlooker bees transform into scouts, generating a
new solution to replace the discarded one using:

Xij = Xmin + rand(0, 1) - (Xmax — Xmin)
Here,

je{l,2,...,D},
rand(0,1) is a random value between 0 and 1, and
Xmax and Xmin represent the maximum and
minimum solution bounds, respectively [3].

ALGORITHM-CLUSTER SELECTION
PROCESS[15]

1. Initialize the routing table.

2. While TRUE:

a. Listen for incoming packets.

b. If Receive Broad_Msg{0, 0, 0}:

i. Mark the node as a cluster.

ii. Send Broad_Msg{1, SNA, 0} (SNA is the current
node's network address).

c. Else if Receive Broad_Msg{l, srcNetwAddr,
hop}:

i. Check the routing table for destination
srcNetwAddr.

ii. If no entry exists:

A. Add a new entry to the routing table:
{Destination = srcNetwAddr, Metric = hop + 1}.

B. Broadcast Broad_Msg{l, srcNetwAddr, hop +
1}

iii. Else if Metric > hop + 1:

A. Update the routing table: Metric = hop + 1.

B. Broadcast Broad Msg{1l, srcNetwAddr, hop +

1}.
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iv. Else:

A

Ignore the current broadcast message.

Initialization

GeneratelnitRole(Scout bee)
According to the transition
probability P, generating path

=

Deal with all the bees in the hive for each cycle
Onlooker bee Employ bee  Scout bee

According to the transition

probability P, generating path

Calculates the benefit ratio, for the following:

Changes the role of scouts, the path of visits Vi++;
Calculated employ bees follow ratio, followed by scouts,
the path of visits Vi++;

Scouts recruits employ bees;

Record the elite path;

find the path of visits Vi++

Using improved local search strategy to l

Abandonment of the path, role
conversion to employ bee

Accumulated number of iteration
cycles
Record the elite path

Output optimal results

Fig. 1. Optimization- Based Artificial Bee Colony
Algorithm for Data Collection Wireless Sensor
Networks [15].
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