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Abstract—The widespread use of Internet of Things (loT)
technology has triggered unparalleled data creation and
processing needs, necessitating effective computation offloading
solutions. Conventional edge computing approaches have
difficulties in dealing with rising energy usage issues and task
allocation delays. This study introduces a novel hybrid
metaheuristic algorithm called ACO-RSA, which synergizes two
metaheuristic algorithms, Ant Colony Optimization (ACO) and
Reptile Search Algorithm (RSA). The proposed approach
addresses the energy and latency issues associated with offloading
computations in loT edge computing environments. A
comprehensive system design that effectively encapsulates the
uplink transmission communication model and a personalized
multi-user computing task load model is developed. The system
considers various constraints, such as network latency, task
complexity, and available computing resources. Based on this, we
formulate an optimization objective suitable for computing
outsourcing in the 10T ecosystem. Simulations conducted in a real-
world 10T scenario demonstrate that ACO-RSA significantly
reduces both time delay and energy consumption compared to
benchmark algorithms, achieving up to 27.6% energy savings and
25.4% reduction in time delay. ACO-RSA exhibits robustness and
scalability when optimizing task offloading in 10T edge computing
environments.

Keywords—Task offloading; edge computing; ant colony
optimization; reptile search algorithm; Internet of Things; energy
efficiency

. INTRODUCTION

The exponential growth of Internet of Things (1oT) devices
has fundamentally transformed how data is produced, analyzed,
and used in numerous sectors, including smart cities [1],
healthcare [2], and automated manufacturing [3]. Nevertheless,
the substantial increase in data flow places substantial
computing requirements on centralized and distributed systems,
requiring the investigation of sophisticated task offloading
strategies [4]. Conventional cloud computing models encounter
delay and data transfer capacity limitations. In this regard, edge
computing presents a viable option by bringing computing
resources close to data sources [5]. However, improving task
offloading in edge computing contexts has distinct difficulties
related to energy use and latency [6].

Heuristic optimization techniques have contributed to
overcoming these issues by evaluating a variety of task
offloading policies. An influential group of these heuristics is
Ant Colony Optimization (ACO), a group of algorithms based
on the pheromone-based learning of ants foraging [7]. Similar

algorithms, such as the Reptile Search Algorithm (RSA), can
overcome the exploration versus exploitation challenge by
imitating hunter-reptile foraging strategies [8]. The methods
have been proven to work on optimization problems across
various applications, including image processing, power
systems, and edge computing. While the former is difficult to
pull out of premature convergence, the latter must be carefully
controlled judiciously to avoid falling into unoptimal solutions.

In light of the aforementioned, this paper presents a new
metaheuristic method called ACO-RSA, which merges two
metaheuristic methods, ACO and RSA, to solve offloading
problems in 10T edge computing. Our strategy aims to achieve
the benefit of both ACO and RSA by minimizing energy use
and time delays. The paper presents the system architecture,
with a communication model relying on an uplink transmission
and the distribution task model between multiple users. This
paper next introduces an objective function for 1oT context
optimization.

The system design also includes a multi-user task
distribution model and an uplink transmission communication
model that considers transmission delays, the complexity of the
tasks to be solved by standalone devices, and the available
computing resources. We design an optimization target
specifically for these systems to adapt to 10T task offloading
mechanisms and conduct extensive simulations to demonstrate
the effectiveness of ACO-RSA. Experimental results show that
our solution ACO-RSA can effectively reduce the energy
consumption and latency of existing algorithms, which has
obvious advantages in practical 10T application scenarios.

The rest of this paper is organized as follows. Section Il
contains a detailed literature review, including previous work
on task offloading and metaheuristic optimization techniques.
Section Il discusses the system model and problem
formulation. Section IV discusses our ACO-RSA algorithm in
detail. An experimental setup and simulation results are
presented in Section V for evaluating the proposed approach's
performance. Lastly, Section VI summarizes the key insights,
limitations, and future research possibilities concluding the

paper.
II.  BACKGROUND

A. Edge Computing in loT

In recent years, cloud computing platforms have evolved
into the first choice for provisioning services because of their
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flexibility and cost-effectiveness [9]. Fundamentally, there has
been a shift towards centralized systems for processing and
storing data in large data centers [10]. The loT is advancing
rapidly, with major effects on various sectors of society, mainly
healthcare, transportation, and manufacturing [11]. They have
many loT devices at the edge producing huge volumes of data,
which may require very little or significant resources (e.g.,
storage and processing) [12]. Service delivery is a big problem
in cloud systems. Additional challenges involve the placement
of sensors and actuators in space, response time constraints,
privacy issues, and data processing. Apart from cloud
computing, these barriers are a driving force for innovation in
solutions [13].

Edge computing places servers for computation and storage
at the edges of the internet, relatively closer to where data is
generated. The above approximations are due to the lower
latencies, more privacy concerns considering data being
transferred, and suboptimal energy overhead [14]. This
hybridization extends edge computing capabilities to distribute
and gradually interconnect with cloud-based processing
components.

Fig. 1 shows the hybrid edge-cloud reference design
encompasses a range of computing and storage capabilities.
Thing nodes are small and constrained devices with limited
computing and storage capabilities, so they can only do basic
functions like detecting, acting in response to certain events,
and sending and receiving data. In contrast to Thing nodes,
local nodes are capable of more processing, storing, and
communicating. This allows them to process, analyze, and send
data and interface with both the cloud and thing nodes. A local
node may also host I0T applications at the network edge.

A local node can be any device such as a gateway, access
point, router, switch, local server, cellphone, or linked vehicle.
Furthermore, various physical gadgets can fulfill certain
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functions. A traffic light, for example, can be both a thing node
that detects its surroundings and acts accordingly and a local
node that collects and analyzes data. Centralized data centers
provide extensive processing, storage, and communication
capabilities in the cloud. Due to these characteristics, cloud
solutions can accommodate many loT components that require
substantial physical resources.

B. Task Offloading Challenges

In edge computing settings, task offloading has distinct
issues that must be addressed for efficient and effective task
distribution. As shown in Fig. 2, the problems arise from loT
devices' intrinsic attributes, edge computing's decentralized
nature, and dynamic and unexpected network circumstances.
loT devices are often situated in geographically scattered
locations with diverse network conditions. Latency may impede
communication between these devices and edge servers,
particularly in cases of network congestion or when the devices
are placed far from the edge nodes. In addition, a restricted
amount of available bandwidth might result in congestion
during data transmission, which causes delay problems.

10T applications can include a wide range of functions with
different levels of complexity, including basic data processing
and more demanding processes like real-time video analysis or
machine learning inference [15]. Because different workloads
may have no shared characteristics and time constraints, the
diversity of these jobs adds difficulty for offloading methods.
In addition, edge servers could differ widely in the processing
power, memory, and storage they support [16].

Energy efficiency is crucial in 10T systems since devices
often have limited battery capacity. Task offloading may
mitigate the computing burden on loT devices, thereby
conserving their energy [17]. Nevertheless, offloading
necessitates energy use, particularly in data transmission to
edge servers and the reception of results.
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Fig. 1. Edge-cloud reference architecture.
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Fig. 2. Task offloading challenges.

loT applications, including autonomous cars, smart
manufacturing, and healthcare monitoring, need immediate
processing. During these situations, even a small delay in
carrying out a job might result in significant repercussions,
highlighting the need to reduce latency and guarantee prompt
task fulfillment [18]. The task involves creating offloading
algorithms that provide real-time performance while
distributing the computing workload across several edge
servers.

Transmitting sensitive data via networks might expose it to
interception or unwanted access. Moreover, the decentralized
structure of edge computing increases attack vulnerability,
making it more difficult to protect all nodes from possible risks.
The loT ecosystem is intrinsically characterized by its dynamic
nature, including fluctuating network conditions, shifting
workloads, and varied resource availability at edge servers.
These variables contribute to an uncertain environment that
complicates the job offloading process.

C. Edge Computing-Enabled Task Offloading Mechanisms

Xiao, et al. [19] proposed a three-layer 10T structure that
addresses different aspects of tasks. Edge computing and
blockchain architectures address the problem of sensitivity to
task delays and enable service providers to maximize their
profits. In addition, due to the features of the edge computing
server in the second layer, the proposed algorithm is executed
as a smart contract. This smart contract is responsible for
managing and distributing edge computing resources. In
particular, a complementary approach called stacked cache is
proposed to facilitate the fair distribution of resources on edge
computing servers.

You and Tang [20] proposed an energy-efficient, low-delay
PSO-based task offloading technique for low-resource edge
devices. The problem formulated is a multi-objective

optimization incorporating latency, task execution cost, and
energy usage. The offloading of all tasks to different mobile
edge servers represents the particle's fithess function.
Simulation experiments compare the PSO offloading strategy
with simulated annealing and genetic algorithms. Based on the
experimental results, PSO-based task offloading reduces edge
server latency, balances energy consumption, and achieves
reasonable resource allocation.

Chen, et al. [21] combined two contradictory offloading
objectives, namely increasing the job completion rate with an
acceptable delay and decreasing the energy consumption of
devices. The task offloading issue was established to achieve
equilibrium between two challenging aims. Subsequently, they
clarified it as a problem of dynamic task offloading based on
Markov Decision Processes (MDP). A Deep Reinforcement
Learning (DRL)-based  dynamic  task  offloading
(DDTO) method was developed to address this issue. The
DDTO algorithm adapts to the constantly changing and
intricate context and appropriately modifies the way tasks are
offloaded.  Experiments demonstrate DDTO's  rapid
convergence. The trial findings confirm the efficiency of the
DDTO algorithm in achieving a balance between the finish
ratio and power.

Kong, et al. [22] introduced a dependable and effective
approach for task offloading using the multi-feedback trust
strategy. A reliable and effective framework is built, which may
significantly enhance trust computing and job offloading.
Furthermore, the broker utilizes dynamic data monitoring to
offer a multi-feedback trust management design using
interaction frequency and time attenuation. This model aims to
establish a trustworthy operating setting. Moreover, a trust-
weighted K-means clustering approach is developed using
resource qualities to improve service dependability. This
algorithm efficiently and correctly groups the resource nodes
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needed for the job. A job offloading model uses trust clustering
to improve user experience and enhance system performance.
In contrast to current task processing models prioritizing task
offloading, the suggested approach further incorporates
resource pretreatment, trust assessment, and resource clustering
before task processing.

Aghapour, et al. [23] presented a solution using deep
reinforcement learning to break down offloading and resource
allocation into two elementary issues. The Salp Swarm
Algorithm (SSA) optimizes resource allocation by updating
offloading policy according to environmental data. The
proposed method investigates various deep-learning tasks of
IoT devices under different cloudlet server capacities.
Simulation findings demonstrate that the suggested approach
has the lowest latency and power consumption cost. On
average, 92%, 17%, and 12% improvements were shown
compared to the full local, full offload, joint resource allocation,
and computation offloading techniques, respectively.

Bolourian and Shah-Mansouri [24] developed a wireless-
powered mobile edge computing system divided into three
tiers: 10T devices, edge servers, and cloud. A formulation of a
combinatorial optimization problem is presented to minimize
wireless energy transmission. Bipartite graph matching is
employed to address the issue's complexity, and a harvest-then-
offload technique is suggested for 10T devices. The proposed
approach utilizes parallel processing to enhance its
performance. Empirical tests demonstrate that the
recommended technique substantially decreases the energy
demand for operating loT devices compared to other offloading
strategies.

Nandi, et al. [25] developed a task offloading strategy to
achieve a compromise between device usefulness and
execution cost. Utility is determined by job execution delay and
energy usage in energy-harvesting 10T devices. The task
offloading issue is a problem of selecting a subset that achieves
the required trade-off. Social Cognitive Optimization (SCO)
addresses the offloading issue and achieves the required
polynomial time of execution. The findings confirm the
superior effectiveness of the approach regarding job execution
speed, energy use, cost efficiency, and task abandonment rate
when compared to the most advanced existing methods.

Due to its unique features, the proposed ACO-RSA
provides a result-oriented solution to address the issues of
energy consumption and latency in task offloading. While ACO
has excellent exploration performance thanks to pheromone-
assisted learning, it also has premature convergence. As RSA
learns adaptively, it can utilize space better and more
efficiently; however, exploration capacity may be limited,
resulting in suboptimal outcomes. As a result of combining the
advantages of both ACO exploration and RSA exploitation, the
ACO-RSA hybrid method eliminates these disadvantages. It
improves task-shifting efficiency, as illustrated by evaluation
results. Using a more balanced and robust approach, we achieve
significant reductions in energy consumption and latency, in
contrast to existing research that proposes single-objective
optimizations or scalability issues. The ACO-RSA can also
achieve convergence more quickly and accurately than the
current research literature.
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I1l.  SYSTEM DESIGN

A. System Model

Consider a defined geographic region containing a
population of N mobile user devices, each denoted by n in the
range 1 to N. Each device is assigned a unique computing task
with different priorities, such as energy efficiency or latency
minimization. This region has a base station equipped with
several Mobile Edge Computing (MEC) servers. Mobile
devices can communicate with MEC servers via a radio access
network to reduce their computing load. The base station is
configured with M-channels, each supporting a single
connection between the device and the MEC server.

Mobile devices are assigned static channels, and edge
servers have limited computing resources. The model also
assumes a central cloud server with unlimited capacity. A
single-edge server can handle the computing needs of only one
device at a time. Tasks that exceed the capacity of an edge
server are shifted to the cloud via the backbone network. The
mobile edge computing architecture is shown in Fig. 3.
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Fig. 3. Network model.

Wireless access

Mobile device offloading involves three steps. First, the
device determines whether the task should be executed locally
or offloaded to an edge server. During offloading, the system
assesses the availability of the edge server resources.
Insufficient resources require a decision between queuing at the
current edge server or offloading to the cloud.

Orthogonal uplink channels ensure non-interference
between devices in the proposed system. According to Eq. 1,
the uplink rate R, is calculated by denoting the transmission
power of device n as Pn. Here, Sy refers to the device n's uplink
bandwidth, z, is the channel gain coefficient, and 62 represents
the noise power.
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Pz,
R, = S,log, (1 + ?), vn €N @
n

B. Multi-User Computing Task Load Model

This subsection presents a computational task model to
simplify the analysis. A computing task is characterized by
three main components: (1) volume of data, including program
code and input parameters, that needs to be uploaded for
outsourced tasks; (2) computing capacity, typically measured in
CPU cycles; and (3) results in data to be downloaded for
outsourced tasks. Eq. 2 formally defines a computing task Qy as
a function of the result data Ry, the computing capacity C,, and
the data volume D.,.

Qu A(Dy, €y, Ry) @)

Using a program called graph analysis, mobile devices can
discover these components. A multi-user delay and energy
consumption load model is built to meet personalized user
needs by analyzing different application types and
corresponding data. This model evaluates the impact of local
and cloud task execution on performance.

Initially, each mobile device determines whether to execute
its task locally or offload it. For locally executed tasks, the
computational requirements of device n are denoted by J,s CPU
cycles, and the task itself requires jni CPU cycles. The local
execution time, tn, is calculated according to Eq. 3. Energy
consumption, En, for local execution is determined by Eq. 4,
where / is a constant energy consumption coefficient related to
the device's chip structure, typically set to 10-%. The total local
overhead, Why, is calculated using Eq. 5, incorporating trade-off
coefficients an1 and an2 for energy consumption and task
execution time, respectively. These coefficients must adhere to
the constraints outlined in Eq. 6.

jnl

tyy =L 3

ni ]nl ( )

By = Ajnl(jnl)z (4)

Wyi = an1Epy + apatn, (5)
An1, Anz € [0'1]

{anl + anz = 1 (6)

When the n' user's task is offloaded to an edge server, the
processing delay is determined by Eq. 7. This delay comprises
two components: the uplink transmission delay for task input
data and the edge server execution time. The energy
consumption for transferring the task to the edge server is
computed using Eq. 10, where £ represents the device's power
amplifier efficiency. Eq. 11 formulates the total offloading
overhead.

tn2 (Pn']nz) = tha(1) (Pn) + th(Z)(]nZ) (7)
) = i g, 1+ 0P ®
J
tnz(z)(]nz) = ]_n (9)
n2
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By = 2ty (B) = (10)
" B " " B Wnlogz(l + UnPn)
Whz = an1Enz + Anatnz(Bry Jn2) (11)

C. Optimization Objective Function

The total overhead incurred by mobile device n during task
offloading is calculated according to Eq. 12. The objective
function is formulated to minimize the aggregate overhead
across all devices. To achieve this minimum overhead, the
optimal offloading strategy (X), uplink power allocation (P),
and edge computing resource allocation (M) are determined.
Eq. 13 expresses the optimization goal.

Wn = (1 - xn)Wnl + onnZ (12)
N
)lg}’i,rl\}lw = Z(l = X )Way + x, W (13)
n=1

Eg. 14 details the constraints. The binary variable xn
indicates the offloading decision for device n (1 for offloading,
0 for local execution). Pmax represents the maximum
transmission power, Jmax iS the maximum computational
resource, and Nz is the set of devices opting for offloading. The
first constraint specifies which devices should be offloaded.
The maximum power of the uplink device is limited by
constraint 2. With constraint 3, edge computing resources are
not allocated beyond the server's capacity. Negative resource
allocation is prevented by constraint 4. As a final constraint,
uplink transmissions are concurrently limited to N.

1:x, €{0,1},vn e N
2:0 < P, < Py, VN E N,

3 ) o < nas

NEN, (14)
4:],, > 0,Vn € N,

5: Eann <B

nenN

IV. THE ACO-RSA ALGORITHM

A. Ant Colony Optimization

The ACO algorithm is a metaheuristic inspired by the
foraging behavior of real ants. Artificial ants iteratively
construct solutions to optimization problems by laying down
and following virtual pheromone trails. These paths represent
solution components whose intensity correlates with the
solution quality. Ants will likely select subsequent solution
components based on pheromone levels and problem-specific
heuristic information. Pheromone levels are dynamically
updated to amplify high-quality solutions. ACO is a
probabilistic search method that does not guarantee optimal
solutions but often provides acceptable approximations within
reasonable computing time.

Mathematically, ACO can be described in the following
manner. A population of artificial ants is created. Pheromone
levels on all potential solution components are initialized to a
small positive value. Ants construct solutions by iteratively
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selecting components. The probability of selecting component
j after component i is determined by Eq. 15:

B

Tij- M

B
Z(Tigfc'nik)
Where a and g are parameters balancing pheromone and
heuristic influence, #; is the heuristic information of
components i and j, and zj is the pheromone level of two

components. After selecting a component, an ant updates its
pheromone level according to Eq. 16.

P = (15)

75 = (1 — p)tyj + pATy; (16)

Where p is the pheromone evaporation rate and Az is the
pheromone the ant deposits. Once all ants have created
solutions, pheromone levels are updated globally based on the
overall quality of the solution. Combining probabilistic
selection, pheromone amplification, and evaporation, this
iterative process allows ACO to explore the solution space
effectively.

B. Reptile Search Algorithm

RSA is a swarm intelligence metaheuristic derived from
crocodile hunting strategies. By modeling competitive and
cooperative interactions within a reptile population, RSA
determines the global optima for optimization problems.
Known for its simplicity, flexibility, and efficiency, RSA has
found applications in image processing, power systems, and
engineering.

RSA's optimization methodology, outlined in Eq. 17,
involves iteratively refining a population of solutions (X). Eg.
18 details the random generation of candidate solutions, where
Xik represents the kth position of the i individual, N refers to
the population size, D specifies the problem dimension, and rd
indicates a random value within the problem's lower (LB) and
upper (UB) bounds.

X1,1 X1,2 - X1Dp
P x2:,1 X33 e xz:_D (17)

Xn1 Xn2 - XND
Xip =rd X (UB—LB)+LB,k=12,..,n (18)

RSA is divided into two stages: exploration (encircling) and
exploitation (hunting). During exploration, crocodiles exhibit
two distinct movement patterns: high walking and belly
walking. Unlike focused hunting, exploratory behaviors allow
for a wider range of search areas. RSA emulates these
mechanisms during its exploration phase, as defined in Eq. 19.

xi,k (t + 1)

Best (t) = 1y(t) X B — Ry (t) x rd, t=< (19
= )
Besty (t) — x4 (t) X ES(t) X rd, t< ZTm G

Bestc represents the best k™ position of the optimal
individual, T is the current iteration, and Tp is the maximum
iteration. Parameter 8 controls the exploration extent. Random
numbers rd and rl are employed for stochasticity. The hunting
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operator, 7; , calculated in Eq. 20, influences the exploration
process.

Nix = Besty(t) X Py (t) (20)

To refine the search, a reduced function, Ri,k, is introduced
in Eq. 21, where ¢ is a small constant and r2 is another random
number. This function minimizes the search space. The
evolutionary phase, ES(t), calculated in Eq. 22, is a probability
ratio that fluctuates between -2 and 2 over iterations, guided by
the random number r3. Piy, the percentage difference between
the Bestk™ value of the optimal and current solutions, as
computed in Eq. 23. The average solution, calculated in Eq. 24,
contributes to the overall exploration strategy.

Besty (t) — Xy

= 2estlll) — Xk 21
Lie Best, (t) + ¢ 1)

1
ES(t) =2Xry X (1 — —) (22)

m
Py=a+ Tk My (23)

bk = 4T Bost, x (UBx — LBy) + €
1 D
My == x (24)
k=1

Cooperation and coordination are the two main foraging
behaviors of crocodiles. These strategies represent different
approaches to intensified exploitation. Eq. 25 determines the
specific behavior. Hunting coordination is performed when the
current iteration (t) falls within the range of 2Tw/4 to 3Tw/4,
where T is the maximum iteration. Conversely, hunting
cooperation occurs when t is between 0 and Tw/4 or 3Tw/4 and
Tm.

Xik

Best; (t) X Py (t) X rd, t<3— (2

Besty (t) —n;,(t) X € — R X 1d, t<T,a

C. Integration of ACO and RSA

Because ACO relies on pheromone trails, exploration of the
solution space is hampered by premature convergence. While
strong exploration prevents local optima, excessive exploitation
impairs solution quality. RSA effectively balances exploration
and exploitation and demonstrates superior performance in
various technical areas. We propose a hybrid ACO-RSA
strategy based on a high-level relay hybrid (HRH) approach to
further improve this balance. ACO and RSA are applied
sequentially, homogeneously, or heterogeneously. The
proposed method uses a heterogeneous HRH strategy to
combine the exploitation of ACO with the exploration of RSA.

Initially, ACO, RSA, and shared parameters are initialized.
N candidate solutions, each represented by an M-dimensional
feature vector, are randomly generated within the range of -1 to
1. These solutions are evaluated using a fitness function to
assess their quality relative to previous iterations. Superior
solutions are retained, while inferior ones are discarded.

593|Page

www.ijacsa.thesai.org



(IJACSA) International Journal of Advanced Computer Science and Applications,

Afterward, the optimal solution is identified and assigned to
the initial ACO population. The candidate solutions are then
designated as initial ant paths. The ants update candidate
solutions based on a subset of features initialized with
pheromone values exceeding 0.5. Improvements are based on
fitness evaluations, with updates only applied to the fittest
solutions (Eq. 26).

x(g+1)
_ {xi”ew (), if FF(x(9)) > FF(x;(g +1))  (26)
x;(g9), else

ACO or RSA uses the refined candidate solutions as input
to explore new promising regions in successive iterations. An
algorithm switch occurs when ACO does not improve the
solutions, indicating a trap in local optima. RSA is then used to
diversify the search space. The iterative process continues until
the termination criterion (maximum iterations) is reached.

Initialization is an initial process that randomly generates
candidate solutions (using 50 population sizes) to ensure a
diverse solution space. We set pheromone levels for ACO to be
initialized with small positive values, and we made the
pheromone evaporation rate 0.1 (to balance exploration and
exploitation). Inspired by the reptile-hunting dielectric
technique, the RSA reacts to evolve optimal solutions and seeks
convergence of its best solutions. The algorithm stops when 100
iterations are achieved or there hasn't been a significant
improvement in loss over ten consecutive iterations.
Incorporating ACO exploration with RSA adaptive learning
compensates for both suboptimal aspects of the algorithms,
avoids premature convergence typical of ACO, and optimizes
the exploitation phase of RSA. During task scheduling, each
task's priority is assigned based on its scale and complexity
(energy-sensitive or latency-sensitive) through the optimization
process, as shown in Fig. 2. The system's energy consumption
and latency are reduced by balancing the distribution of tasks
across available resources, including edge servers or the cloud.

V. EXPERIMENTAL SETUP AND RESULTS

To validate the effectiveness of the proposed ACO-RSA
algorithm, we conducted an extensive series of simulations. The
simulation environment is designed to mimic real-world loT
scenarios with varying numbers of mobile user devices and data
transfer rates. The environment includes multiple edge servers
with different computational capabilities, simulating a typical
edge computing context. The primary performance metrics
evaluated in the simulations are average time delay and energy
consumption. Time delay is the total time required for task
completion, while energy consumption is calculated based on
the power needed for data transmission and processing.

The simulation parameters were configured according to the
3GPP standard. The simulation considers an area with a 1 km
radius, where users transmit data at a maximum power of 25
dBm over a system bandwidth of 15 MHz and user bandwidth
of 0.5 MHz. The noise power in the uplink bandwidth is set at
—108 dBm. Tasks have input data volumes ranging from 300 to
1500 KB and require CPU cycles between 0.1 and 0.8 GHz.
The users' computing power varies from 0.2 to 1.2 GHz, while
the MEC server has a computing power of 3 GHz. The
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simulation also involves a population size of 50 and a maximum
of 100 evolutions, with a maximum allowable time delay of 3
to 5 seconds.

To evaluate the convergence of the proposed computation
offloading algorithm, a simulation was conducted with 80
users, 15 servers, and 5MB tasks. Fig. 4 illustrates the time
delay of the system over different iteration numbers. Fast
convergence was observed after 20 iterations, with minimal
delay improvements after that, indicating the achievement of a
global optimum. This demonstrates the algorithm's strong
global optimization and search capabilities and reduces the
overall system delay from 0.268 s to 0.194 s, representing a
significant performance improvement.
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i= 0.17
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0 2 46 81012141618202224262830
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Fig. 4. Stability diagram.

Comparative analyses used algorithms from [26, 27] to
assess delay and energy consumption. Fig. 5 shows the average
delay for different numbers of users. Energy consumption was
evaluated at various transmission rates (Fig. 6). Due to the lack
of data transfer, local execution was independent of the transfer
rate. All algorithms showed lower energy consumption with
increasing transfer rates due to lower offloading overhead. The
proposed method showed the largest decrease and lowest
overall energy consumption, enabled by more frequent and
fine-grained discharge decisions.
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Fig. 5. Delay vs. Number of mobile devices.
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Fig. 6. Energy consumption vs. data transmission rate.

Fig. 7 illustrates the relationship between energy
consumption and number of users. The proposed method
consistently outperformed others with the lowest energy
consumption and growth rate, achieving 0.2 J for 80 users. The
local execution caused the highest energy consumption. The
proposed strategy's efficiency in task offloading and reduced
local execution contributed to overall energy savings.
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Fig. 7. Energy consumption vs. number of mobile devices.

The results confirm that the ACO-RSA algorithm can
effectively solve major task offloading problems in 10T edge
computing, such as energy consumption and latency. By
combining ACO’s exploration and RSA’s adaptive learning,
the proposed approach distributes tasks efficiently and
minimizes system overhead. The proposed ACO-RSA provides
an average of 27.6% energy savings and 25.4% latency
reduction compared to other existing techniques, resulting in
better resource scheduling and task completion.

These results confirm the algorithm's ability to optimize
task shifting while balancing energy and performance metrics.
Nevertheless, the study emulates the simulation environment of
static network states and operational case functions within
devices, which may not correspond to the realistic conditions in
ideas in loT environments. Fluctuating network traffic or
device roaming can affect the algorithm's performance. Finally,
future work should focus on extending ACO-RSA to dynamic
edge computing scenarios and incorporating  other

Vol. 15, No. 9, 2024

considerations, such as security and privacy, to improve the
robustness and applicability of ACO-RSA in various loT
contexts.

VI. CONCLUSION

To the best of our knowledge, this is the first study to
introduce a new metaheuristic algorithm by combining ACO
and RSA into a hybrid version named ACO-RSA, which can
overcome the challenges of efficient task offloading in loT
environments powered by edge computing. This feature,
therefore, allows the ACO-RSA classifier to make a remarkable
compromise between energy consumption and latency, two
main components of 10T ecosystems, by utilizing both ACO
and RSA within an integrated classification framework. By
using ACO, the algorithm takes inspiration from how ants
collect food to search for optimal paths; meanwhile, with RSA,
it can adaptively explore the 10T environments that are highly
dynamic and unpredictable, proposing a strong solution.

ACO-RSA is designed based on an optimization objective
function aiming to minimize energy consumption while at the
same time reducing task offloading latency. Thus, it is well
suited for resource-limited loT devices that run in edge
computing environments. We conducted a series of extensive
simulations to verify the feasibility of the proposed algorithm.
Results confirmed that the proposed ACO-RSA operates better
than the traditional benchmark algorithms. The hybrid
algorithm minimizes energy consumption and operates with
low latency as the number of mobile users and data rates
increase. This result illustrates the promise of ACO-RSA in
enhancing resource utilization and prolonging the lifecycle of
10T applications by tuning task offloading policies.

Future work will address the scalability and robustness of
ACO-RSA, especially within larger and more complex loT
networks with an assorted range of applications and diverse
task requirements. Moreover, investigation into the integration
between machine learning and ACO-RSA could enhance
adaptivity capabilities even more and aid in better addressing
dynamic changes in network conditions and resource
availability. In conclusion, the proposed ACO-RSA algorithm
is an important step towards an efficient and energy-greedy task
offloading strategy in edge computing-enabled loT
environments.
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