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ABSTRACT: In recent years, fog computing has become an important environment for dealing with the Internet of
Things. Fog computing was developed to handle large-scale big data by scheduling tasks via cloud computing. Task
scheduling is crucial for efficiently handling IoT user requests, thereby improving system performance, cost, and energy
consumption across nodes in cloud computing. With the large amount of data and user requests, achieving the optimal
solution to the task scheduling problem is challenging, particularly in terms of cost and energy efficiency. In this
paper, we develop novel strategies to save energy consumption across nodes in fog computing when users execute
tasks through the least-cost paths. Task scheduling is developed using modified artificial ecosystem optimization
(AEO), combined with negative swarm operators, Salp Swarm Algorithm (SSA), in order to competitively optimize
their capabilities during the exploitation phase of the optimal search process. In addition, the proposed strategy,
Enhancement Artificial Ecosystem Optimization Salp Swarm Algorithm (EAEOSSA), attempts to find the most
suitable solution. The optimization that combines cost and energy for multi-objective task scheduling optimization
problems. The backpack problem is also added to improve both cost and energy in the iFogSim implementation as
well. A comparison was made between the proposed strategy and other strategies in terms of time, cost, energy, and
productivity. Experimental results showed that the proposed strategy improved energy consumption, cost, and time
over other algorithms. Simulation results demonstrate that the proposed algorithm increases the average cost, average
energy consumption, and mean service time in most scenarios, with average reductions of up to 21.15% in cost and
25.8% in energy consumption.

KEYWORDS: Energy-efficient tasks; internet of things (IoT); cloud fog computing; artificial ecosystem-based opti-
mization; salp swarm algorithm; cloud computing
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1 Introduction

In recent years, there has been a trend in cloud computing due to its excellence in data distribution,
storage efficiency, pay-per-use, and user cost savings. Users are also interested in saving time and effort, as
well as reducing costs, during various scheduling tasks on virtual machines. The Internet of Things (IoT)
has also been developed and integrated with cloud computing to address the increasing volume of data,
which poses a new challenge in cloud computing environments. Cloud computing also provides numerous
resources to support a wide range of services across the Internet [1-5]. There are also different policies
between users and the level of service in cloud computing, allowing for the increase or decrease of devices
according to usage. The Internet of Things (IoT) comprises a network of various devices and sensors that
exchange data through cloud computing. It is used in smart cities, smart homes, hospitals, factories, the army,
agriculture, and other data-intensive applications. The Internet of Things suffers from excessive energy and
storage consumption, so cloud computing resources are necessary to mitigate storage issues. In addition,
when cloud computing is combined with the Internet of Things, huge amounts of various data can be stored
daily in cloud computing. Fog computing comprises three distinct layers: the cloud computing layer, the first
upper layer, the second middle layer, which is fog computing, and the last, lower layer, comprising various
devices from the Asian Internet, sensors, radio frequencies, and users. The task scheduling problem in fog
computing is an NP-hard problem that requires extensive study and the application of modern metaheuristic
algorithms. When tasks are distributed from users to different virtual machines, they have specific and
different capacities and capabilities. Therefore, there must be an effective way to schedule different tasks while
achieving many goals [6-10]. There is also another important aspect of fog computing, which is the energy
consumption in cloud computing when sending tasks and large amounts of data distributed across nodes. It is
also one of the important issues that must be solved when transferring data across nodes in cloud computing.

Previous studies have applied a range of different objectives and various artificial intelligence algorithms,
revealing weaknesses in previous solutions, such as rapid convergence and the risk of falling into a local
optimal point [11-15]. To address these issues, we hybridized two algorithms in this research to mitigate the
defects of the previous algorithms. Reducing energy consumption and cost in data centers is a significant
challenge and a complex issue, particularly for multitasking operations in cloud computing. To address this
problem, several techniques have been implemented to reduce energy usage, such as load balancing. The
primary goal is to distribute tasks across virtual machines in a flexible manner, thereby saving both time and
cost [16-20]. Energy-efficient task scheduling can be implemented as a dynamic load-balancing mechanism,
which distributes workloads based on the speed capacity of virtual machines in cloud computing. Costs
have also been modeled using the knapsack problem to minimize costs and select virtual machines directly,
thereby saving time and reducing costs [21,22]. This paper presents a new optimization approach, called
EAEOSSA, which combines the AEO algorithm with SSA to enhance multi-objective task operations within
cloud computing. When the strategy is executed, it competes eftectively in the exploration phase; however, in
the exploitation phase, the SSA algorithm is employed due to its superior performance. Balance is achieved
when sending different tasks and reaching the maximum level, while maintaining the convergence speed
between exploitation and extraction capabilities. The primary motivation of this research is to address the
challenges of scheduling tasks on fog computing with IoT, including time, cost, energy consumption, node
balance, and throughput improvement. Two different algorithms were also combined to achieve the goals of
minimizing time, cost, energy consumption, and balancing node loads in cloud computing.

This article made the following contributions:

— A hybrid strategy has been developed between AEO and SSA that explores and exploits the search space
locally and globally to optimize various objectives in IoT in cloud computing.
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- Alow-time solution for sending tasks between nodes to reduce users’ waiting time, improve productivity
and cost, and reduce energy consumption.

- 'This work is the first attempt to study a new hybrid AEO, SSA (EAEOSSA), solved to obtain low energy
consumption and cost. Using the knapsack problem, to the best of our knowledge, this is the first attempt
to implement this strategy.

- The efliciency evaluation of the EAEOSSA strategy is performed through a different set of tasks and
several different virtual machines and methods.

The rest of this paper is organized as follows. Section 2 presents the review work. Section 3 shows the
system architecture. Section 4 presents the proposed system using AEO and SSA. Section 5 presents the
experimental results, and Section 6 concludes with a summary and future work.

2 Related Work

Ref. [23] presented a new scheme to optimize energy, cost, and time and called the proposed algorithm
fuzzy-based task scheduling (Security-Aware and Energy-Aware, SAEA) algorithm. It also considered the
security levels of the schedule sent by the users and the degrees of balance between the nodes. He also added a
set of different goals for implementing the proposed algorithm via cloud computing, which are (i.e., execution
time, energy consumption, makespan, degree of imbalance, and security). The results showed the superiority
of the proposed algorithm over other algorithms [23].

An energy-eflicient resource scheduling algorithm in the Geographically Cloud Computing (GCC)
environment is proposed using the Cultural Emperor Penguin Optimizer (CEPO) algorithm, referred to as
EERS-CEPO. To improve energy consumption load distribution and reduce delay in responding to users.
Two different algorithms were also integrated to enhance the exploration and exploitation capabilities of
the proposed algorithm. The results demonstrated the superiority of the proposed algorithm over other
algorithms in terms of time, cost, and resource utilization [24].

A new algorithm, called the Dynamic Voltage and Frequency Scaling (DVES) method [25], is intro-
duced, which prioritizes tasks sent by users to execute them quickly and accurately. The algorithm also
classifies virtual devices near users and assigns them the same priority. The proposed algorithm also reduces
the cost. The proposed algorithm ensures the execution and migration of jobs, achieving balance within the
proposed system. The results also demonstrated a 12% energy improvement over other algorithms.

This work presents different algorithms to test the issue of energy consumption and various resource
allocation in cloud computing. It also considered load balancing between nodes to increase the number of
different tasks from users. He also compared several different algorithms, and the results showed that the
whale algorithm outperforms other algorithms in terms of energy and node balance [26].

This paper presents an algorithm called the Hybrid Genetic Algorithm (HGA) to reduce energy
consumption and facilitate the real-time execution of tasks without precedence constraints. It also improved
the balance between nodes for faster task execution and response. The simulation results demonstrated the
efficiency of the proposed algorithm compared to other algorithms [27].

This paper presents an algorithm called a Cost and Energy-aware Task Scheduling Algorithm (CETSA).
This proposed algorithm reduces time, cost, and energy consumption, and considers the overhead between
devices to distribute loads across virtual machines more efficiently. Experimental results showed reduced
time, cost, energy consumption, and improved load balancing across nodes, as well as its superiority over
other algorithms [28].

This paper presented an algorithm called the Discrete Pathfinder Algorithm (DPFA). He presented
a set of objectives, including time, energy, and throughput, to minimize cost and energy consumption
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across nodes in cloud computing. It also considered the exploitation and exploration stages of the proposed
algorithm. The proposed results demonstrated the superiority of the algorithm over other algorithms in terms
of time, energy, and productivity [29].

Discussion between Algorithms

Table 1 presents a comparison between the proposed strategy and previous algorithms in terms of their
advantages and limitations in cloud computing.

Table 1: Comparison between related work and my strategy

Fog
K k
Strategy  Year Main objective Hybrid System computing fiapsac
problem
based on IoT
[23] 2021 Optimize cnerey. cost, Yes Hemogenous Yes NO
and time
Reduce delay and
[24] 2023 improve resource Yes Hemogenous Yes NO
utilization
- Prioritize and execute
[25] 2022 . Yes Hemogenous Yes NO
tasks efficiently
Bal load and red
[26] 2021 rancefoadan re. Hee Yes Hemogenous Yes NO
energy consumption
Reduce energy and
[27] 2017 achieve real-time Yes Hemogenous Yes NO
scheduling
Minimize time, t, and
[28] 2022 v HIZE TS, COSL an Yes Hemogenous Yes NO
energy
Optimize throughput,
[29] 2021 primize throughpt Yes Hemogenous Yes NO
energy, and cost
Optimize throughput,
M b b
U 202 FESOUTees, energy Yes heterogeneous Yes Yes
Strategy knapsack problem, and
cost

3 Suggested System Model

The problem of scheduling tasks when sending tasks from users on virtual machines across cloud com-
puting nodes is deciding and assigning tasks. Additionally, the system is homogeneous, while the resources
of the data centers are heterogeneous, which contributes to the difficulty of establishing a scheduling policy
across nodes in cloud computing. The source of concern that affects users and their relationship with the
cloud provider is the performance of the cloud system and the availability of resources in terms of cost,
energy, and other factors. Users send tasks to different geographical locations through the queue, and a data
center broker enters to manage all the tasks sent by users and provide all information about each virtual
machine located within the different data centers. The primary goal is to achieve one or more objectives
that meet user requirements, such as power, cost, balance, space, and bandwidth reduction. Additionally,
one of the goals addressed by this proposed strategy is to implement tasks as efficiently as possible and
minimize user waiting time. Typically, when tasks are executed to reach different locations in hierarchical
clouds, it requires a long time, consumes large bandwidth, incurs high access costs, and results in energy
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waste. Therefore, when sending scheduling tasks across different sites, decisions must be made to reach
the necessary sites to accomplish the tasks required for users, while also reducing costs and energy. In
the proposed system, EAEOSSA, when executing tasks sent by users, gathers sufficient information about
different geographical locations to reduce the need for searching virtual devices across locations in cloud
computing. The task manager directs the required tasks to virtual machines via cloud computing based on
the proposed EAEOSSA strategy to allocate different tasks and reduce time and cost.

Our proposed method divides the cloud environment into distinct geographical locations and com-
prises multiple data centers through cloud computing. Different data centers contain a group of physical
machines and a group of virtual machines inside them. Although the system is different across cloud
computing, it is not homogeneous. When sending various tasks to the nodes via cloud computing, it
selects the required locations to minimize time, cost, and the speed of task completion, while also reducing
bandwidth according to the proposed EAEOSSA strategy. The elements of the proposed system can be
represented as follows:

In Fig. 1, each node can be offered in DC form {dcl, dc2...., den}, where n is a set of various nodes in
the fog. The physical machine can be represented as PM D fpml; pm2;...; pmx g, where x is a set of various
PMs existing in nodes. A virtual machine can be presented as VM D, where fvml, vm?2,.. ., vms is a set of
VMs placed on a physical machine. Let T = {T1, T2, T3,..., Tv} be the set of IoT scheduling tasks to be sent
to nodes.

Tn T3 T T1
Tasks
Tasks Queue EAEOSSA Knapsack Problem
\L DCn \L DC2 \L DCI
PMn PM2 PM1
VM3 VMI VM3 VMI VM3 VMI
VM2 VM2 VM4 VM2

Figure 1: Architecture diagram of the proposed EAEOSSA system with Knapsack Optimization

A new strategy of state-of-the-art algorithms, AEO and SSA, is proposed to reduce network load, energy
consumption, and task execution time across different geographical locations. The proposed strategy reduces
time, cost, service time, power consumption, and bandwidth. This aims to reduce workloads and automate
task assignments from users via the Internet of Things. The proposed system, utilizing EAEOSSA techniques,
can reduce time and energy consumption, lower costs, and achieve high optimal utility by implementing
IFogSim [25-29].
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Artificial ecosystem-based optimization (AEO)

This section presents the AEO algorithm and its associated equations, which are used in the strategy
proposed in this research. The algorithm simulates the transfer of energy between objects in general. It
consists of three stages to improve research problems: production, consumption, and decomposition. In
the first stage of production, it works to achieve a balance between exploration and exploitation during
maximization. The second operator, which is consumption, is based on exploring the search space, and the
third operator, which is decomposition, is responsible for exploitation and enhancement.

In [30], the algorithm selects the production phase as the worst solution among the solutions found
in the different search phases. The decomposition agent intervenes to optimize the positions of the product
factor according to different positions and chooses the best individual and the best position. The equation
can be formulated as follows:

Xl(t+1) = (l_d) Xh (t) +d-Xrand (t) (1)
where

d= (1 -t )randl (2)
Xyana (t) =randy () - (ub-1b) +1b (3)

In the proposed task scheduling model for cloud computing, cost, energy efficiency and optimal
resource utilization are achieved through adaptive position updating by metaheuristic techniques. ub and Ib
are the limits of the search domain. rand; and rand, denote random values, and d refers to a weight coefficient.
The maximum iteration number is T. d random number ranging between [0, 1].

The second stage, consumption, indicates that the producer and consumer have low energy as food
for other consumers. Each consumer has their function and mission through herbivores, omnivores, and
carnivores. the low-energy tasks (consumers) adjust their resource allocation in response to the most
energy-efficient virtual machines (producers), thereby improving overall energy balance and reducing total
execution cost in the cloud data center. and can be represented as follows:

Xi(t+1)=X; (t) + k- (X; (1) - X, (1)) (4)

where k refers the factor of consumption, which is calculated based on the levy flight as follows:
lu
k:E—,ueNorm(O,l),veNorm (0,1) (5)
v

This mechanism allows high-energy virtual machines (carnivores) to refine their tasks by referencing
other efficient nodes, thereby enhancing energy efficiency. Where Norm(0, 1) demonstrate to the normal
distribution with unit variance =1 and mean =0. The position of a carnivore is updated using a random
consumer with high energy, with index (I). It can be formulated as follows:

Xi(t+1)=X; () + k- (X (t) - X1 (1)) (6)
where

l=rand; ([2;-1]),i=3,...,N (7)
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Tasks are automatically reallocated to energy-efficient VMs, improving convergence and optimal
selection of energy savings and execution. The position of the carnivore is updated by the position of the
producer and consumer, who are randomly identified and chosen based on (1), which has the highest energy.
It can also be formulated as follows.

Xi(t+1)=X;(t)+ k- (rand; - (X; (t) - X1 (t)) + (1= rands) - X; (t) - X; (t) (8)

I =rand; ([2;-1]),i=3,...,N )

When redistributing tasks across cloud computing to reduce energy consumption and execution time,
assign tasks to resources and achieve convergence between them. This stage is called the decomposition stage,
and it is the last stage in AEO, as every worker dies, and after that, the decomposer destroys the remains. It
is called the exploitation stage and can be represented as follows:

X,(t+1) =X1(t)+D(CXb(b)—hX,(t),l:L,N (10)
where

D =3u,ueN(0,1) (11)
e =randy - rand; ([12]) - 1 (12)
h=2-rand; -1 (13)

4 Proposed Swarm Intelligence for Task Scheduling

In this work, we address the energy and cost issues and determine the optimal path to schedule different
tasks from users in a fog computing environment based on the modified AEO algorithm, utilizing SSA, and
incorporating various objectives. In the proposed strategy, EAEOSSA, alternatively, solutions are enhanced
by exploitation using the SSA or AEO algorithm. In the proposed strategy, EAEOSSA identifies solutions to
address the problems of energy and cost associated with different tasks of users and resource optimization
in cloud computing. Updating solutions through the exploitation and exploration stages can be achieved
through the proposed strategy. When the exploration phase is run, the AEO algorithm is executed. When
the exploitation phase is run, the SSA or AEO algorithms are run alternately to reach the optimal solutions.
The following are the stages of the objectives that were integrated with the proposed strategy.

4.1 Cost of Task Schedule

The cost of scheduling tasks is crucial to sending users different tasks via cloud computing and
conserving different resources. Users’ main goal is to conserve various resources, reduce cost and execution
time, and reduce waiting time to perform various tasks. The cost can be calculated as follows [14]:

n
Cost = in * P; (14)
i

E; Execution time

P; price
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4.2 Execution Time of Tasks

Calculating the length of task execution varies from one task to another, depending on user requests
and their completion across nodes in cloud computing. The user aims to reduce the length of task execution
to conserve resources and encourage cloud computing. The equation can also be represented as follows [15]:

n m
Eix=> > EuXik (15)
-l k=1

E ;. represented Execution time

Xir Boolean number of tasks execute in VMs.

4.3 Knapsack Problem

The application of the knapsack problem is an NP-hard aims to calculate the least cost and energy
between nodes in fog computing. The knapsack problem contains two parameter values and weight according
to the proposed strategy. When users perform different tasks, we find that the tasks take a long time to
execute and wait for the users. This represents a problem in task scheduling, cost and energy consumption
but this problem was solved using the knapsack problem to obtain the optimal solution. The equation can
be represented as follows:

Max ) fixi (16)
i=1
St.
m
Z WiX; > Vi 17)
i=1

x;€{0,1},i=12,...,m

fi=proftofutilizationresource

w; = weightof task executionin V. Ms

i=1L2,...,m

Each object i € i has profit r; and weight w; in matrix i (1< i < m)
Binary variable x; = (x; = 1) or not (xj = 0) .

For example:

The integration of the Enhanced Artificial Ecosystem-Based Optimization with Sparrow Search Algo-
rithm (EAEOSSA) and the Knapsack Problem (KP) aims to evaluate the algorithm’s performance in solving
discrete optimization problems characterized by resource constraints. The Knapsack Problem provides an
ideal testbed, as it requires maximizing total profit while maintaining the overall weight within a fixed
capacity. When a set of tasks is executed on a group of computing nodes, they have a specific capacity
and energy. Node resources, such as power and space, are considered, and the tasks assigned to each node
are based on the profit, size, and storage capacity of that node within the geographic area. The goal is to
reduce response time for users, improve resource utilization, and reduce costs. Tasks are prioritized between
high-value and low-energy nodes to achieve the best balance between performance and energy within the
computing environment.
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4.4 Makspane

The problem facing scheduling is the makespan, and the user wants to reduce the makespan in order
to execute the tasks quickly. The makespan is the maximum execution of all scheduling tasks on virtual
machines via fog computing. The equation can be represented as follows [18]:

MS = Max (Ej)1<j<m (18)

where E; refers to the execution time of VM, and it is calculated based on Uj; [19].

|1, if Tiisassigned toV; (19)
Yo lo ifTyis not assigned to V;
n
i=1
where TC;; refers the task completion time in VM, and it is calculated based on Equation [21]:
L;
TC;; = — 21
= PE, (21)

where L; indicates the length of the task.
PE; indicates the processing capability of the VM.

4.5 Salp Swarm Algorithm

SSA [31] has been used recently and is inspired by the swarm of SSA in the oceans. It is also among
the metaheuristic environments and its simulation of nature. SSA consists of two main parts: leaders and
followers. The leader always does the best physical fitness, and the rest of the flock follows him. The algorithm
calculates the suitability value to obtain the optimal and appropriate solutions for the problem. The best
solution is obtained, which is the leader throughout the proposed search space. The equations can be
represented as follows:

(1) Leader Phase: The leader location is updated using the following equation:

X}: ij+c1((ubj—lbj)c2+l) ifc3>0.5 22)
ij—cl((ubj—lbj)c2+l) otherwish
c1 decreases through the iterations as
where
o =2eF) (23)

X} and Xy repesent new placement

¢, and ¢3 random variable from 0 to 1
ubjandlbjreferthedominof serarch at dimintion j
(2) Followers Phase: To modernize the followers’ locations,

Newton’s law of motion is used, which defined as

;1
X}zzgt2+w0t,i22 (24)
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So, modernizing the procedure of followers can be formulated as

| ) .
Xj =3 (Xi+x;7) (25)
t iteration

wo = 0and g velocity and the acceleration

4.6 Energy Consumption (EC)

Rationalizing energy consumption in cloud computing is crucial to avoid energy loss, cost, and waiting
time for users. Using active and idle servers, VM, and DC power consumption via fog computing. Energy
consumption is calculated through the following equation [26]:

m
EC =Y ([Ej* a; + (MS - E;) B;]) * PE; (26)
j=1
«; refer joules of VM in the active state.
B, refer joules of VM in the idle state
(M S-E j) refer the total of time that will remain idle of VM.

Algorithm 1 demonstrates the integration of the AEO algorithm with the SSA algorithm to reduce
energy consumption during task dispatch to virtual machines in cloud computing.

Algorithm 1: The proposed algorithm EAEOSSA

Input: Tasks, energy, cost, Number of tasks
Output: Optimal resources,cost and energy.
Begin
Initialize no. of tasks, energy eflicient, cost.
Repeat
Randomly initialize an ecosystem
Set the fitness function
While the stop criterion is not satisfied, do
if I=1then
Production stage of AEO Eqs. (1)-(3).
Else
Generate rand and update its solution

If rand <1/3, then update its solution using
Using Herbivore stage of AEO Eq. (5).
Else If 1/3 rand 2/3 then
Using Carnivore stage of AEO Eq. (6).
If rand < 1/3 then
Using Omnivore stage of AEO Eq. (8).
I=1+1
Decomposition stage of AEO Eq. (10)
Else
Apply Salp Swarm Algorithm to AEO

(Continued)
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Algorithm 1 (continued)

Apply Knapsack problem

Apply energy efficiency.

End while

End if

Return the optimal minimum cost and energy.

Fig. 2 illustrates the process of combining the AEO algorithm with the SSA algorithm to reduce power
consumption when sending tasks to virtual machines using the knapsack problem via cloud computing.

Start

\

Input: Tasks, energy, cost, Number of tasks

7

Initialize no. of tasks, energy efficient, cost.

v

AT.0 parameter, SSA parameter and apply Kanabsack problem

\f

Random AEOQ population

v

Cretria stratified

\’

Apply AEO

\’

Apply AEO with SSA

Apply Knapsack problem

!

Optimal soulution min cost and energy

V

End

Figure 2: Flowchart EAEOSSA

The proposed task scheduling mechanism in the fog computing environment is established upon a
modified AEO integrated with the SSA, defined as EAEOSSA. The proposed strategy combines the AEO
algorithm with SSA to maximize the benefits of both algorithms through the exploitation and exploration
phases. The strategy incorporates a competitive phase between exploration and exploitation to avoid local
searches. The exploration phase is based on the AEO algorithm due to the diversity of potential solutions.
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The exploitation phase, meanwhile, competes between AEO and SSA to intensify the search across global
regions required by the proposed algorithm, EAEOSSA.
Complexity Analysis:

The computational complexity of the proposed EAEOSSA scheduling algorithm is expressed in terms of
four main variables: the population size (N), the maximum number of iterations (T), the Number of VMs (V)
and dimension (D). The hybrid optimization stage that combines Enhanced Aquila Optimization (EAO) and

Salp Swarm Algorithm (SSA) involves iterative updates of the population and fitness evaluations, resulting
in a complexity of O (T x N x D x V). The proposed EAEOSSA has O(N).

This indicates that the proposed EAEOSSA algorithm maintains a computational complexity on the
same order as other population-based metaheuristics while incorporating additional adaptive and energy-
efficient enhancements.

5 Experimental Evaluation

5.1 Configuration Details

The main parameters in this paper are given in Table 2, which are used in the proposed strategy. The
parameters of the AEO and SSA algorithms are also adjusted to implement the proposed strategy. The
following table shows the parameters as follows:

Table 2: Parameter data sets of the system

Item Value
Nodes [20, 100]
User [10, 500]
Regions [2, 30]
Bandwidth (2, 32 Mbps]
Data sets [2,64 G]
Host (100, 1000]
Processor (12, 28]
Million Instructions Per Second (MIPS) [500, 4000]
RAM [2,20 G]
Virtual machine [50,1000]
AEO
Population [50 to 100]
randl to rand4 [0, 1]
a [0.5, 2]
B [0,1]
SSA
Population [50 to 100]
Clto C3 [0, 1]

5.2 Results and Discussion
5.2.1 Energy Consumption

Fig. 3 shows the average energy consumption across different tasks from users. As the number of tasks
users perform increases, the energy consumed on the various virtual machines also increases. In this strategy,
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various tasks were performed, from 1000 tasks to 5000 tasks, to observe the effect of energy consumption and
the efficiency of the proposed strategy. Various tasks were also applied to several virtual machines ranging
from 50 to 200 VMs to test and evaluate the proposed strategy. In Fig. 3a—d, energy consumption increases
very quickly when the number of different VMs increases. At the same time, the proposed strategy saves
energy with different tasks sent by users. We note that the proposed strategy outperforms other algorithms
in terms of saving energy for a different number of tasks and also a different number of virtual machines
within the nodes in cloud computing.

60
£ 50
5 40 ——AEO
3
] 30 —=—SSA
20 —+—EAEOSSA
10
500 1000 1500 2000 2500 3000 3500 4000 4500 5000
Number of Tasks
(a)
80
g 70
? gg ——AEO
i 40 —m—SSA
30 —+—EAEOSSA
20
10
0+ T T T T T T T T T \
500 1000 1500 2000 2500 3000 3500 4000 4500 5000
Number of Tasks
(b)
100
= 9
2 g
& 70 —e—AEO
g 60
] 50 —=—SSA
40
30 —+—EAEOSSA
20
10
0+ T T T T T T T T T ]
500 1000 1500 2000 2500 3000 3500 4000 4500 5000
Number of Tasks

(c)

Figure 3: (Continued)



14 Comput Mater Contin. 2026;86(3):77

120
100
80
60
40
20
0

——AEO

Energy (KJ)

—=—SSA

—+—EAEOSSA

500 1000 1500 2000 2500 3000 3500 4000 4500 5000

Number of Tasks

(d)

Figure 3: The impact of different cloudlets based on energy consumption using different VMs. (a) Impact energy
awareness with 50 VMs. (b) Impact energy aware with 100 VMs. (c¢) Impact energy awareness with 150 VMs. (d) Impact
energy awareness with 200 VMs

5.2.2 Cost of Tasks

Fig. 4 shows the proposed strategic cost of executing tasks on different nodes within cloud computing.
As the number of tasks changes, ranging from 1000 to 5000, the cost and its impact on the proposed strategy
change. It is natural that when the number of tasks increases on nodes located within different geographical
locations, the cost increases. In contrast, the proposed strategy increases very slowly compared to other
algorithms. Various tasks were also applied to several virtual machines ranging from 50 to 200 VMs to
test and evaluate the proposed strategy. In Fig. 4a—d, when the number of different VMs increases, the cost
increases, while the proposed strategy reduces the cost for different user tasks. The number of tasks from
users, the task length, the number of different virtual machines and their locations in different geographical
regions to execute the task, and the actual time to complete the task in nodes within cloud computing were
considered. We note that the proposed strategy outperformed other algorithms in reducing time and cost for
a different number of tasks and a Different Number of virtual machines within nodes in cloud computing.
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Figure 4: (Continued)
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Figure 4: The impact of different cloudlets based on the cost of using different VMs. (a) Impact cost with 50 VMs. (b)
Impact cost with 100 VMs. (¢) Impact cost with 150 VMs. (d) Impact cost with 200 VMs

5.3 Performance Evaluation
5.3.1 Mean Service Time

Fig. 5 shows the average service time for each user task and the minimum average waiting time for users
to execute tasks. In performing several tasks ranging from 1000 to 5000 in specific periods. The proposed
algorithm reduced the average service time to the lowest user waiting time. It is natural that when the number
of tasks increases on nodes located in different geographical locations, the average service time increases.
However, with the proposed strategy, it is less than that of other algorithms. Different tasks were also applied
to several virtual machines, ranging from 50 to 200 VMs, to test the average service time with different tasks
sent by users over the network.
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Figure 5: The impact of different response times using different tasks
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5.3.2 Degree of Trouble

Fig. 6 shows the degree of imbalance between virtual machines within nodes across the network in
cloud computing. In performing several tasks ranging from 1000 to 5000 in specific periods. The proposed
algorithm reduced the degree of imbalance to the lowest level. It is natural that when the number of tasks
increases on nodes located in different geographical locations, the imbalance also increases. However, with
the proposed strategy, it decreases compared to other algorithms. Different tasks were also applied to several
virtual machines, ranging from 50 to 200 VMs, to test the degree of imbalance caused by the different tasks
sent by users over the network. It can also be evaluated through the following equation [27]:

L,

DI= —
PE, * PE,,

(27)

DI = Degree of Imbalance.
L; = Total length of tasks.
PE, = number of processing elements.

PE,, = MIPS of processing element.
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Figure 6: Degree of imbalance

6 Conclusion and Future Work

Cloud computing is one of the most recently used and reliable data transfer and storage technologies.
With the increasing number of users and the advantages offered by cloud computing providers, a scheduling
problem arises, manifesting in data transfer, storage, cost, energy consumption, and response time. In
this research, an ecosystem-based Artificial Optimization (AEO) is developed for task scheduling via fog
computing to enhance and optimize energy and cost optimization. Additionally, SSA addresses multi-
objective task scheduling to enhance the AEO algorithm. The proposed strategy addresses the problem of
scheduling tasks on existing resources with high efficiency and effectiveness in terms of time, cost, energy,
and workload balance in fog computing. Moreover, the results of EAEOSSA were compared with those of
different algorithms to test the experimental results. The experimental results showed that the proposed
strategy, EAEOSSA, outperforms all other algorithms in terms of time, cost, and energy. In future work,
scheduling tasks will be developed by incorporating other algorithms to enhance energy efficiency, reduce
costs, and minimize time. Data availability, reliability, dependability, confidentiality, and security are also
taken into consideration.
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