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ABSTRACT
Cloud computing has changed the technology landscape for over a decade and led to an astounding growth in the number of
applications it may be used for. Consequently, there has been a significant spike in the demand for improved algorithms to schedule
workflows efficiently. These were mostly concerned with heuristic, metaheuristic, and hybrid approaches to workflow scheduling
that mostly suffer from the problem of local optima entrapment. Due to such heavy traffic on the cloud resources, there is still a need
for less computationally complex approaches. In light of this, this article proposes a novel approach: a multi-objective Modified
Local Escaping Archimedes Optimization (MLEAO) algorithm for workflow scheduling. This strategy involves initialization of the
population of Archimedes Optimization algorithm through the HEFT algorithm to provide an inclination towards the solutions
with improved makespan while achieving a cost-efficient workflow scheduling decision and avoiding the problem of local optima
entrapment using a local escaping operation. To validate the efficacy of our approach, we conducted extensive experiments using
scientific workflows as benchmarks. Through our investigations, we significantly improved makespan, cost, resource utilization,
and energy consumption. Moreover, the effectiveness of our proposed approach is also verified by performance metrics such as
hypervolume, s-metric, and dominance relationships between the proposed and state-of-the-art approaches.

1 | Introduction

Cloud computing has significantly transformed various sectors
over the past decade, offering scalable computational and stor-
age resources at reduced costs. This has facilitated the growth of
data volumes and the complexity of processing demands, driven
largely by the proliferation of Internet of Things (IoT) devices
across industries such as business, education, healthcare, and
agriculture. To meet the increasing demand for efficient process-
ing, there is a growing need for scalable cloud infrastructure,
alongside automation and continuous upgrades to hardware and

Abbreviations: GA, genetic algorithm; PSO, particle swarm optimization; VM, virtual machines.
----------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------
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software systems. Achieving optimal performance in cloud envi-
ronments hinges on efficient resource allocation and manage-
ment, which remain crucial to ensuring system reliability and
performance [1].

In cloud platforms, workflows—comprising independent or
interdependent tasks—are scheduled and executed by allocating
resources to individual tasks and determining their execution
order while accounting for dependencies. Workflow scheduling
is a well-known NP-hard problem, characterized by its com-
plexity and computational challenges [2]. As cloud computing
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applications evolve, the need for effective scheduling algorithms
becomes increasingly important. These algorithms must bal-
ance multiple objectives, such as resource utilization, energy
efficiency, and execution time, while avoiding pitfalls such as
local optima entrapment, where algorithms fail to find the global
optimum solution due to their reliance on local search heuristics.

Although many heuristic and metaheuristic approaches have
been developed to tackle workflow scheduling, they often suf-
fer from the problem of getting trapped in local optima. For
example, various heuristics—such as enhanced round-robin
and shared-file-aware algorithms—have shown improvements
in specific areas but often fail to avoid local optima, limiting
their scalability and adaptability [3, 4]. Similarly, more complex
metaheuristic approaches, including ant colony optimization and
genetic algorithms, have been proposed to optimize execution
time and costs, yet they remain vulnerable to local optima entrap-
ment, particularly when handling large, dynamic workflows [5,
6]. Even hybrid methods, which combine multiple algorithms to
improve performance, struggle with local optima issues [7, 8].
The persistence of local optima entrapment in existing schedul-
ing methods calls for innovative strategies that enhance explo-
ration capabilities to find better, globally optimal solutions.

This paper addresses the challenge of local optima entrapment
in workflow scheduling by introducing a novel metaheuris-
tic approach based on the Archimedes principle, named the
Archimedes Optimization Algorithm (AOA). The AOA draws
inspiration from the physical principle of buoyancy, which seeks
equilibrium between objects and fluid, to iteratively refine poten-
tial solutions in the scheduling process. By employing a method
that explores multiple candidate solutions in parallel and adjust-
ing their positions based on a balance of forces, the algorithm
aims to provide better exploration and exploitation capabilities to
avoid local optima traps and converge to more globally optimal
solutions. To further avoid the local optima entrapment problem,
the local escaping operation has been implemented in addition to
HEFT and Archimedes Optimization algorithm.

The key contributions of this paper are:

• A new multi-objective metaheuristic approach, Modi-
fied Local Escaping Archimedes Optimization (MLEAO)
Algorithm, focuses on improving workflow scheduling
while addressing local optima entrapment, makespan, and
cost optimization.

• Initialization using the HEFT algorithm to provide an incli-
nation towards the solutions with better makespan values.

• A fitness function that integrates multiple objectives, includ-
ing makespan and cost, prioritizing solutions that meet both
improved makespan and cost values.

• Evaluation and validation of the algorithm through exper-
imental results using well-known scientific workflows,
comparing its performance against existing state-of-the-art
methods based on metrics such as makespan, cost, energy
consumption, and resource utilization.

• A detailed analysis of the algorithm’s ability to avoid local
optima traps through various Pareto optimality metrics, such
as hypervolume, dominance, and s-metric.

Comprehensive experiments reveal that the proposed MLEAO
algorithm achieves substantial improvements in workflow
scheduling, enhancing critical metrics such as makespan, cost,
energy efficiency, and resource utilization. These findings con-
firm MLEAO’s effectiveness in navigating local optima issues and
delivering more resilient, globally optimal scheduling outcomes.

1.1 | Structure of the Paper

The rest of the paper is organized as follows: Section 2 presents
the related works. Section 3 describes the workflow schedul-
ing problem in the cloud environment. Section 4 presents
the proposed approach in detail, the background overview of
Archimedes optimization algorithm and the local escaping
operation and further the Modified Local Escaping Archimedes
Optimization algorithm. Section 5 presents the details of the
experiments performed and the results achieved. Section 6
presents the conclusions and future research directions.

2 | Related Work

Heuristics offer efficient problem-solving strategies, especially
valuable for time-intensive tasks. Numerous heuristic tech-
niques have been introduced for workflow scheduling. Table 1
presents the overview of various approaches proposed for work-
flow scheduling. Sanaj and Prathap proposed an enhanced
round-robin algorithm using time slices to improve task process-
ing and reduce wait times, but it only applies to independent tasks
and does not address local optima traps [3]. Tuli et al. introduced
a shared-file-aware algorithm for resource provisioning to reduce
execution time, but it only supports a bag of tasks model and
ignores local optima issues [4]. Ma et al. presented a heuristic
for real-time multi-workflow scheduling in cloud environments,
optimizing resource utilization and scheduling time, but it strug-
gles with local optima [9]. Tang et al. developed a dynamic task
scheduling technique focused on cost optimization and energy
efficiency, but its heuristic nature results in local optima chal-
lenges [26]. Medara et al. proposed an energy-efficient scheduling
technique using task ranking, clustering, and slack algorithms
to reduce energy consumption, but it is prone to local optima,
especially under strict energy constraints [10]. Medara, Singh and
Sompalli also introduced a HEFT-based scheduling algorithm
for energy and cost optimization, yet it risks local optima due
to its heuristic design [11]. Taghinezhad-Niar, Pashazadeh and
Taheri also suggested an energy-efficient, budget-driven schedul-
ing method for both DVFS and non-DVFS resources, but it is still
susceptible to local optima due to a narrow problem space [12].

Heuristic methods, while often expedient for solving NP-
complete problems, tend to be limited by local optima traps.
To address this, metaheuristic algorithms have been intro-
duced to enhance exploration capabilities through multiple
initial solutions. Pham and Fahringer proposed an evolutionary
multi-objective scheduling approach for cloud resource optimiza-
tion, improving makespan and resource volatility management,
yet it is prone to local optima due to load and system utilization
balance issues [13]. Medara et al. introduced a discrete water
wave optimization-based energy-aware approach for VM migra-
tion, improving resource allocation, but it remains susceptible to
local optima due to limited adaptability [10]. Nabi and Ahmed
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TABLE 1 | Advantages and limitations of state-of-the-art approaches.

Article Key idea Advantages Limitations

[3] An enhanced round-robin algorithm using
time slices

Improves task processing and
reduces wait times

Only applies to independent tasks &
doesn’t address local optima traps

[4] A shared-file-aware algorithm for resource
provisioning

Reduces execution time Only supports a bag of tasks model
and ignores local optima issues

[9] A heuristic for real-time multi-workflow
scheduling

Optimizes resource utilization and
scheduling time

Struggles with local optima

[10] An energy-efficient scheduling technique
using task ranking, clustering, and slack

algorithms

Reduces energy consumption Prone to local optima

[11] A HEFT-based scheduling algorithm Energy and cost optimization Risks local optima due to its heuristic
design

[12] Scheduling method for both DVFS and
non-DVFS resources

Energy-efficient and
budget-driven

Susceptible to local optima due to a
narrow problem space

[13] An evolutionary multi-objective scheduling
approach for cloud resource optimization

Improves makespan and resource
management

Load and system utilization balance
issues

[14] A discrete water wave optimization-based
energy-aware approach for VM migration

Improves resource allocation Limited adaptability

[15] An energy-efficient scheduling technique
using threshold-based VM task

consolidation

Energy-efficient Lack of consideration for VM
behavior fluctuations

[16] Grey wolf optimization-based scheduling Improves cost, response time, and
load balancing

Limited adaptability for workflow
variations

[17] A harmony-inspired genetic algorithm to
balance exploration and exploitation

Reduces energy and makespan Faces local optima issues

[18] A multi-verse optimizer for task scheduling Improves resource usage Lack of energy cost consideration
[19] An enhanced task type-first algorithm with

hibernation features
Reduces costs Limited by a small search space

[20] A hybrid swarm intelligence approach
combining manta ray foraging and salp

swarm algorithms

Improves throughput and
makespan

Vulnerable to local optima traps

[21] A hybrid cloud task scheduling method
using genetic and gravitational search

algorithms

Enhances VM performance and
energy calculation

Faces local optima issues due to its
fixed cost-based optimization focus

[22] A hybrid PCP–ACO algorithm Minimizes workflow costs while
meeting deadlines

Susceptible to local optima
entrapment

[23] Enhanced artificial rabbits optimization
(ARO) for task scheduling

Improves exploration and service
time

Faces local optima challenges

[24] A multi-objective approach using modified
NCCLA

Improves exploration-exploitation
balance

Vulnerable to local optima

[25] Multi-objective scheduling approach for
scientific workflows using Adaptive Dingo

Optimization

Minimizes duration and cost Local optima entrapment

modified particle swarm optimization to optimize makespan,
cost, and resource utilization, but the design does not fully
avoid local optima due to its isolated task scheduling approach
[27]. Singh and Kumar proposed an energy-efficient scheduling
technique using threshold-based VM task consolidation, but it
is vulnerable to local optima due to the lack of consideration for
VM behavior fluctuations [15]. Sefati, Mousavinasab and Zareh
Farkhady introduced grey wolf optimization-based scheduling to
improve cost, response time, and load balancing, but it struggles

with local optima due to limited adaptability for workflow
variations [16].

Hybrid methods combining algorithms address these challenges
by leveraging multi-algorithm strengths. Sharma and Garg intro-
duced a harmony-inspired genetic algorithm to balance explo-
ration and exploitation, reducing energy and makespan, but it
still faces local optima issues [17]. Shukri et al. proposed a
multi-verse optimizer for task scheduling, improving resource
use but remaining prone to local optima and the lack of energy
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cost consideration [18]. Sun et al. introduced an enhanced task
type-first algorithm with hibernation features to reduce costs,
but it is limited by a small search space, making it prone to
local optima [19]. Attiya et al. proposed a hybrid swarm intelli-
gence approach combining manta ray foraging and salp swarm
algorithms to improve throughput and makespan, but it is vul-
nerable to local optima traps and only applicable for indepen-
dent tasks [20]. Pirozmand et al. introduced a hybrid cloud task
scheduling method using genetic and gravitational search algo-
rithms to enhance VM performance and energy consumption,
but it still faces local optima issues due to its fixed cost-based opti-
mization focus [21]. Shobeiri et al. proposed a hybrid PCP–ACO
algorithm to minimize workflow costs while meeting deadlines,
but it remains susceptible to local optima entrapment [22]. Gha-
fari and Mansouri enhanced artificial rabbits optimization (ARO)
for task scheduling in fog computing, improving exploration and
service time, but it still faces local optima challenges [23]. Zade,
Javidi and Mansouri introduced a multi-objective approach using
modified NCCLA to improve exploration-exploitation balance,
but it remains vulnerable to local optima despite improvements
in VM structure [24]. Mary proposed a multi-objective schedul-
ing approach for scientific workflows using Adaptive Dingo Opti-
mization (ADO) to minimize duration and cost, but local optima
entrapment remains a limitation [25].

Although numerous heuristic, metaheuristic, and hybrid
approaches have been proposed, most struggle with local optima
challenges. There’s still a need for multi-objective approaches
with lesser computational complexity that can schedule work-
flows optimally can also avoid the local optima entrapment
problem. The Archimedes Optimization algorithm, known
for its effective balance between exploration and exploitation
phases, offers a potential solution with reduced complexity
compared to traditional metaheuristics and hybrid methods. In
this work, we have proposed a modified metaheuristic approach,
Modified Local Escaping Archimedes Optimization (MLEAO)
Algorithm, to solve the workflow scheduling problem using
the HEFT algorithm, Archimedes Optimization algorithm, and
Local Escaping Operation to address local optima challenges
in workflow scheduling, enhancing performance across key
objectives like makespan and cost.

3 | Workflow Scheduling Model & Problem
Formulation

3.1 | Workflow Model

A workflow can be explained as a directed acyclic graph
𝐺(𝑇 𝑠𝑘, 𝐸) where 𝑇 𝑠𝑘 is a set of 𝑇 tasks, 𝑇 𝑠𝑘 =

{
𝑡1, 𝑡2, 𝑡3, . . . 𝑡𝑇

}
,

and𝐸 is the set of directed edges between the tasks. An edge from

the task 𝑡ℎ to 𝑡𝑖 can be denoted by 𝑒ℎ,𝑖. This notation signifies the
precedence relationship of the tasks. According to this notation,
task 𝑡𝑖 can start its execution only if task 𝑡ℎ has finished its exe-
cution and all the input data required for the execution of 𝑡𝑖 is
received. Here, task 𝑡ℎ is the parent task and task 𝑡𝑖 is the child
task of task 𝑡ℎ. Since workflows process data in files, let the input
data file list be 𝐼𝐷𝐹𝐿𝑖 and the output data file list be 𝑂𝐷𝐹𝐿𝑖
for task 𝑡𝑖. Let the task length of 𝑡𝑖 be 𝑇𝐿𝑖. Hence, the workflow
model can be defined as 𝑊 𝑓=

{
𝐺,

{
𝑇𝐿𝑖, 𝐼𝐷𝐹𝐿𝑖, 𝑂𝐷𝐹𝐿𝑖

}}
,

which signifies that a workflow is a graph of tasks, where each
task has a task length, an input data file, an output data file and a
set of edges that denotes the precedence order of the tasks accord-
ing to which these data files will be transferred. Figure 1 presents
the basic structure of the scientific workflows we have used as the
benchmark for scheduling in this work.

3.2 | Cloud Resource Model

Workflows submitted to cloud computing environments are gen-
erally executed on virtual machines. These virtual machines are
deployed on the hosts in the cloud computing environment, and
the host allocates the computing power and bandwidth of the
virtual machine. The number of virtual machines in a cloud
environment is usually large and considered infinite. Still, the
type of the virtual machines is finite. Based on the types of vir-
tual machines, the capacities of the VMs vary. Following are
some basic definitions to explain these variations. Let us con-
sider a datacenter 𝐷 having a set of 𝑉 active virtual machines,
𝑉 𝑚 =

{
𝑣1, 𝑣2, 𝑣3, . . . 𝑣𝑉

}
. The notations of the symbols used are

explained in the Table 2.

Virtual Machine Instance Capacity: The capacity of any virtual
machine instance refers to the total number of instructions that
it can process in one second. It can be given by the product of the
number of processing elements and the size of each processing
element (in MIPS) as given in Equation (1).

𝐶𝑣𝑗 = 𝑃𝐸
𝑛
𝑣𝑗
× 𝑃𝐸𝑠

𝑣𝑗
(1)

Capacity of Multiple Virtual Machine Instances: To compute
the capacity of multiple virtual machine instances in a datacen-
ter 𝐷, we can add the capacities of individual virtual machine
instances active on the datacenter𝐷 as given in Equation (2). Let
𝑉 be the total number of virtual machines active on datacenter
𝐷, then

𝐶𝐷 =
𝑉∑
𝑣=1
𝐶𝑣𝑗 (2)

The total capacity of multiple virtual machine instances active on
a datacenter must not exceed the datacenter’s capacity as given in

(a) (b) (c) (d) (e)

FIGURE 1 | Structure of scientific workflows. (a) CyberShake. (b) Montage. (c) SIPHT. (d) Epigenomics. (e) Inspiral.

4 of 19 Concurrency and Computation: Practice and Experience, 2025

 15320634, 2025, 4-5, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/cpe.8393 by Indian Institute O

f T
echnology, W

iley O
nline L

ibrary on [05/06/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



TABLE 2 | Symbols and their notations.

Symbol Notation Symbol Notation

𝑇 Number of tasks 𝑉 𝑚 Set of Virtual machines active on a datacenter
𝑇 𝑠𝑘 Set of 𝑇 tasks 𝐶𝑣𝑗 Capacity of 𝑗th virtual machine
𝑡𝑖 𝑖th task 𝑃𝐸𝑛

𝑣𝑗
Number of processing elements of 𝑗th virtual machine

𝑉 Number of virtual machines 𝐶𝑉 𝑚 Total capacity of the virtual machines in set 𝑉 𝑚
𝑣𝑗 𝑗th virtual machine 𝑃𝐸𝑠

𝑣𝑗
Size of processing elements of 𝑗th virtual machine (in MIPS)

𝐶𝐷 Capacity of Datacenter 𝐸𝑇
𝑣𝑗

𝑡𝑖
Execution time of task 𝑡𝑖 on VM 𝑣𝑗

𝑡𝑠
𝑖

Size of task 𝑡𝑖 𝑇 𝑇
𝑣𝑘
𝑣𝑗

Transmission time from VM 𝑣𝑗 to VM 𝑣𝑘

𝑃 𝑟𝑡𝑖 Predecessors of task 𝑡𝑖 𝐷𝑆
𝑣𝑘
𝑣𝑗

Size of data to be transferred from VM 𝑣𝑗 to VM 𝑣𝑘

𝑊 𝑇𝑡𝑖 Waiting time of task 𝑡𝑖 𝐵 Average bandwidth of Datacenter
𝐶𝑇𝑡𝑖 Completion time of task 𝑡𝑖 𝐷𝐶𝑇

𝑃𝑟𝑡𝑖
𝑡𝑖

Communication time from predecessor tasks of 𝑡𝑖 to task 𝑡𝑖
𝐶𝑣𝑗 Cost of VM 𝑣𝑗 𝑀𝑊𝑓 Makespan for the execution of workflow𝑊 𝑓
𝐶𝐵 Cost of Bandwidth 𝐸𝐶

𝑣𝑗

𝑡𝑖
Execution cost for task 𝑡𝑖 on VM 𝑣𝑗

𝑉 𝑟
𝑗

Running voltage of VM 𝑣𝑗 𝐸𝐶𝑊 𝑓 Execution cost for the workflow𝑊 𝑓
𝑉 𝑀
𝑗

Maximum voltage of VM 𝑣𝑗 𝑇𝐶
𝑡𝑖
𝑣𝑘

Transfer cost to execute task 𝑡𝑖 on VM 𝑣𝑘

𝑉 𝑚
𝑗

Minimum voltage of VM 𝑣𝑗 𝑇𝐶𝑊 𝑓 Transfer cost for the workflow
𝐹 𝑟
𝑗

Running frequency of VM 𝑣𝑗 𝐶𝑜𝑠𝑡𝑡𝑖 Total Cost for execution of task 𝑡𝑖
𝐹𝑀
𝑗

Maximum frequency of VM 𝑣𝑗 𝐶𝑜𝑠𝑡𝑊 𝑓 Total Cost for execution of Workflow𝑊 𝑓
𝐹𝑚
𝑗

Minimum frequency of VM 𝑣𝑗 𝐸𝑊 𝑓 Energy Consumption for execution of workflow𝑊 𝑓
𝑃𝑗 Power consumption of VM 𝑣𝑗 𝑈𝑊 𝑓 Resource Utilization for execution of workflow𝑊 𝑓
𝐴𝑇𝑗 Active time of VM 𝑣𝑗 𝑁 Number of objects in population
𝑚 Previous Iteration 𝑀 Maximum number of iterations
𝑚 + 1 Current iteration 𝑂𝑏 Object with best fitness value
𝜗 A random number 𝑢 Upper normalization range
𝑏𝑢 Upper bound 𝑙 Lower normalization range
𝑏𝑙 Lower bound 𝑇𝐹𝑚+1 Transfer factor of current iteration
𝑂𝑛 𝑛th 𝑂𝑏𝑗𝑒𝑐𝑡 𝐷𝐹𝑚+1 Density factor of current iteration
𝜌𝑛 Position vector of 𝑂𝑛 𝜃 Threshold to decide exploration and exploitation phase
𝐷𝑛 Density vector of 𝑂𝑛 𝐷𝑚+1

𝑛
Density vector of 𝑂𝑛 in (𝑚 + 1)th iteration

𝑉𝑛 Volume vector of 𝑂𝑛 𝑉 𝑚+1
𝑛

Volume vector of 𝑂𝑛 in (𝑚 + 1)th iteration
𝐴𝑛 Acceleration vector of 𝑂𝑛 𝐴𝑚+1

𝑛
Acceleration vector of 𝑂𝑛 in (𝑚 + 1)th iteration

𝐹𝑛 Fitness of 𝑂𝑛 𝑁𝐴𝑚+1
𝑛

Normalized Acceleration vector of 𝑂𝑛 in (𝑚 + 1)th iteration
𝑂𝜗 Randomly chosen Object 𝜌𝑚+1

𝑛
Position vector of 𝑂𝑛 in (𝑚 + 1)th iteration

𝛼 Impact constant 𝐹 Flag to change the direction of motion of Object

Equation (3). Datacenter capacity is the total capacity of virtual
machines in a datacenter𝐷.

𝐶𝑉 𝑚 ≤ 𝐶𝐷 (3)

3.3 | Workflow Scheduling Model

Scheduling of workflows in the cloud environment may be done
in two types: static and dynamic scheduling. Static scheduling
requires all the information of the workflow and the resources
at the time of compiling the scheduling algorithm. In dynamic
scheduling, all this information is known at the run time of
the scheduling algorithm. Unlike dynamic scheduling, static
scheduling receives all the information at a prior stage. It searches

globally in the solution space, leading to better results than the
dynamic scheduling methods. Hence, this work focuses on the
static scheduling approach. The following are some basic defini-
tions of workflow scheduling.

Execution Time: The execution time of a task 𝑡𝑖 on a vir-
tual machine 𝑣𝑗 is the time required for the VM to complete
the task. It depends on the task length 𝑇𝐿𝑖 (the total num-
ber of instructions) and the VM’s capacity 𝐶𝑣𝑗 (the instruc-
tions it can process per second) [28]. The execution time is
calculated as:

𝐸𝑇𝑖,𝑗 =
𝑇𝐿𝑖

𝐶𝑣𝑗

(4)
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This measures how long the task will take based on the VM’s pro-
cessing power.

Transfer Time: The transfer time is the time required to transfer
data or files from the parent task to the child task when they are
not executed on the same virtual machine. It depends on the size
of the data being transferred and the bandwidth between the two
VMs [28]. The transfer time is given by:

𝑇𝑇
𝑣𝑘
𝑣𝑗

=
𝐷𝑆

𝑣𝑘
𝑣𝑗

𝐵
(5)

Here 𝐷𝑆𝑣𝑘𝑣𝑗 is the data size being transferred from VM 𝑣𝑗 to VM
𝑣𝑘, and 𝐵 is the average bandwidth.

Data Communication Time: The data communication time is
the maximum time needed to transfer data from all the virtual
machines executing the predecessor tasks to the virtual machine
where the task 𝑡𝑖 will be executed [28]. If task 𝑡𝑖 is executed on VM
𝑣𝑗 , and its predecessor tasks 𝑃𝑟𝑡𝑖 are executed on a set of VMs 𝑣𝑥,
the data communication time is given by:

𝐷𝐶𝑇
𝑃𝑟𝑡𝑖
𝑡𝑖

= max(𝑇𝑇 𝑣𝑗𝑣𝑥 ) (6)

This represents the longest transfer time from any predecessor
VM to the current VM.

Waiting Time: The waiting time𝑊 𝑇𝑡𝑖 of a task 𝑡𝑖 is defined as the
maximum of the completion times of all its predecessor tasks 𝑃𝑟𝑡𝑖
in the workflow𝑊 𝑓 [28]. If task 𝑡𝑖 is executed on a different vir-
tual machine than its predecessors, the data communication time
is added to the waiting time. The waiting time can be expressed
mathematically as follows:

𝑊 𝑇𝑡𝑖 =
⎧⎪⎨⎪⎩

0 if 𝑃𝑟𝑡𝑖 = ∅,
max(𝐶𝑇𝑃𝑟𝑡𝑖 ) if 𝑃𝑟𝑡𝑖 ≠ ∅ and 𝑣𝑡𝑖 = 𝑣𝑃𝑟𝑡𝑖

max(𝐶𝑇𝑃𝑟𝑡𝑖 ) +𝐷𝐶𝑇
𝑃𝑟𝑡𝑖
𝑡𝑖

if 𝑃𝑟𝑡𝑖 ≠ ∅ and 𝑣𝑡𝑖 ≠ 𝑣𝑃𝑟𝑡𝑖
(7)

Here, 𝑣𝑡𝑖 denotes the virtual machine on which task 𝑡𝑖 has to
be executed, and 𝜙 denotes the NULL value. This defines how
waiting time is calculated based on the presence of predecessor
tasks and whether the current task and its predecessors share the
same VM.

Completion Time: The completion time 𝐶𝑇𝑡𝑖 of a task 𝑡𝑖 in a
workflow𝑊 𝑓 is the moment at which the task finishes executing
on the virtual machine instance 𝑣𝑗 [28]. It is determined based on
whether the task has predecessor tasks. The completion time can
be formulated as follows:

𝐶𝑇𝑡𝑖 =

{
𝐸𝑇

𝑣𝑗

𝑡𝑖
, if 𝑃𝑟𝑡𝑖 = ∅

𝑊 𝑇𝑡𝑖 + 𝐸𝑇
𝑣𝑗

𝑡𝑖
, if 𝑃𝑟𝑡𝑖 ≠ ∅

(8)

Here, the completion time is equal to the execution time if there
are no predecessor tasks, or the waiting time plus the execution
time if there are predecessor tasks.

Makespan: The makespan is defined as the maximum comple-
tion time among all the tasks in a workflow. It indicates the

total time required to complete the workflow, encompassing all
tasks [28]. The makespan can be expressed mathematically as:

𝑀𝑊𝑓 = max(𝐶𝑇𝑡𝑖 ), for distinct 1 ≤ 𝑖 ≤ 𝑇 (9)

3.3.1 | Cost Model

Execution Cost: The execution cost 𝐸𝐶𝑣𝑗
𝑡𝑖

is the cost associated
with executing a task 𝑡𝑖 on a virtual machine instance 𝑣𝑗 [28]. It
is calculated using the formula:

𝐸𝐶
𝑣𝑗

𝑡𝑖
= 𝐸𝑇 𝑣𝑗

𝑡𝑖
× 𝐶𝑣𝑗 (10)

In this equation, 𝐸𝑇 𝑣𝑗
𝑡𝑖

represents the execution time of the task
on the VM, and 𝐶𝑣𝑗 is the cost of using that VM, expressed in
dollars per hour. The total execution cost of the workflow can be
computed as the sum of the execution costs of all individual tasks:

𝐸𝐶𝑊𝑓 =
𝑇∑
𝑖=1
𝐸𝐶

𝑣𝑗

𝑡𝑖
(11)

Transfer Cost: The transfer cost 𝑇𝐶𝑣𝑘
𝑡𝑖

is the cost incurred when
transferring data or files required by a child task 𝑡𝑖 from its parent
tasks, specifically when the child task is executed on a different
virtual machine 𝑣𝑘 than its parents [28]. This cost is calculated
using the formula:

𝑇𝐶
𝑣𝑘
𝑡𝑖

=
𝐷𝑆

𝑣𝑘
𝑣𝑗

× 𝐶𝐵

𝐵
(12)

In this equation,𝐷𝑆𝑣𝑘𝑣𝑗 is the data size transferred from the parent
VM 𝑣𝑗 to the child VM 𝑣𝑘, 𝐶𝐵 represents the cost per unit of data
transferred and 𝐵 is the average bandwidth for the data transfer.
Further, the total transfer cost for the entire workflow execution
can be calculated as:

𝑇𝐶𝑊 𝑓 =
𝑇∑
𝑖=1
𝑇𝐶

𝑣𝑘
𝑡𝑖

(13)

Total Cost: The total cost of a workflow execution is the com-
bined sum of the execution cost and the transfer cost [28]. Specif-
ically, the total cost incurred for executing a task 𝑡𝑖 on a virtual
machine instance 𝑣𝑗 can be expressed as:

𝐶𝑜𝑠𝑡𝑡𝑖 = 𝑇𝐶
𝑣𝑗

𝑡𝑖
+ 𝐸𝐶𝑣𝑗

𝑡𝑖
(14)

In this equation, 𝑇𝐶𝑣𝑗
𝑡𝑖

is the transfer cost associated with the
task, and 𝐸𝐶𝑣𝑗

𝑡𝑖
is the execution cost for that task on the VM. The

overall total cost of executing the entire workflow is given by the
equation:

𝐶𝑜𝑠𝑡𝑊 𝑓 = 𝐸𝐶𝑊𝑓 + 𝑇𝐶𝑊 𝑓 (15)

Here, 𝐸𝐶𝑊𝑓 is the total execution cost of the workflow, and
𝑇𝐶𝑊 𝑓 is the total transfer cost.

3.3.2 | Energy Model

Running Voltage: The running voltage 𝑉 𝑟
𝑗

of a virtual machine
instance 𝑣𝑗 refers to the voltage level at which that instance
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operates. It is determined based on the minimum and maximum
voltages, as well as the current frequency of the virtual
machine [10]. The running voltage can be expressed mathemati-
cally as:

𝑉 𝑟
𝑗
= 𝑉 𝑚

𝑗
+ (𝑉 𝑀

𝑗
− 𝑉 𝑚

𝑗
) ×

𝐹 𝑟
𝑗
− 𝐹𝑚

𝑗

𝐹𝑀
𝑗

− 𝐹𝑚
𝑗

(16)

In this equation, 𝑉 𝑚
𝑗

is the minimum voltage, 𝑉 𝑀
𝑗

is the maxi-
mum voltage,𝐹 𝑟

𝑗
is the current frequency,𝐹𝑚

𝑗
is the minimum fre-

quency and 𝐹𝑀
𝑗

is the maximum frequency. This formula shows
how the running voltage varies with frequency within the speci-
fied voltage range.

Power Consumption: The power consumption 𝑃𝑗 of a virtual
machine instance is defined as the product of the running fre-
quency 𝐹 𝑟

𝑗
and the square of its running voltage 𝑉 𝑟

𝑣
[10]. This

relationship can be expressed mathematically as:

𝑃𝑗 = 𝐹 𝑟𝑗 × 𝑉
𝑟
𝑣

2 (17)

In this equation, the power is measured in watts (W).

Energy Consumption: It refers to the total energy consumed
by the datacenter during the execution of a workflow, mea-
sured in watt-hours (Wh) [10]. It is calculated by summing the
power consumption of all virtual machines over their active
time 𝐴𝑇𝑗 :

𝐸𝑊𝑓 =
𝑉∑
𝑗=1
𝑃𝑗 × 𝐴𝑇𝑗 (18)

This equation captures the overall energy usage of the datacenter
for the workflow execution.

3.3.3 | Utilization Model

Utilization: The resource utilization 𝑈𝑊𝑓 (%) for executing a
workflow𝑊 𝑓 on a datacenter𝐷 with 𝑉 active virtual machines
(VMs) quantifies how efficiently the available resources are
used. It is calculated as the ratio of the total active time of all
VMs 𝐴𝑇𝑗 to the makespan 𝑀𝑊𝑓 , normalized by the number of
active VMs, and expressed as a percentage [28]. The formula
is given by:

𝑈𝑊𝑓 (%) =
⎛⎜⎜⎝
∑𝑉

𝑗=1
𝐴𝑇𝑗

𝑀𝑊𝑓

𝑉

⎞⎟⎟⎠ × 100 (19)

This equation helps to assess the effectiveness of resource utiliza-
tion during the workflow execution.

3.4 | Problem Formulation

This work aims to address the multi-objective workflow schedul-
ing problem, which seeks to find a compromised solution
that optimizes both the makespan 𝑀𝑊𝑓 and the total cost
𝐶𝑜𝑠𝑡𝑊 𝑓 of executing a workflow. In this context, a “solution”
refers to the resource provisioning sequence that adheres to
the dependency constraints of all tasks within the workflow.
The optimization problem can be mathematically formulated
as follows:

{
minimize(𝑀𝑊𝑓 and 𝐶𝑜𝑠𝑡𝑊 𝑓 )

}
(20)

This formulation highlights the dual focus of the scheduling strat-
egy on minimizing both time and financial expenditure during
workflow execution.

4 | The Proposed Approach

This section presents a comprehensive explanation of the
proposed Modified Local Escaping Archimedes Optimization
Algorithm (MLEAO), designed to address the problem outlined
in the preceding section. The primary motivation for enhanc-
ing the original Archimedes Optimization Algorithm (AOA)
stems from the need to improve its search capabilities and
address inherent limitations, particularly when applied to com-
plex real-world optimization problems. The MLEAO integrates
two key strategies: first, the initialization process incorporates
a solution seeded from the Heterogeneous Earliest Finish Time
(HEFT) algorithm, and second, the Local Escaping Operation
(LEO) is employed to mitigate the risk of premature convergence
and avoid entrapment in local optima. Following the HEFT-based
initialization, the algorithm proceeds through the conventional
steps of the AOA, after which the LEO strategy is applied to fur-
ther enhance its overall performance.

4.1 | Background Overview

This subsection provides a detailed account of the methods inte-
grated into the proposed approach. It elaborates on the modi-
fied version of the Archimedes Optimization Algorithm (AOA),
which incorporates the Heterogeneous Earliest Finish Time
(HEFT) solution as one of the initial candidate solutions. Addi-
tionally, it thoroughly describes the application of the Local
Escaping Operation (LEO), which is designed to enhance the
algorithm’s ability to evade local optima and improve overall
solution quality.

4.1.1 | Archimedes Optimization Algorithm

Archimedes Optimization algorithm is a population-based meta-
heuristic algorithm proposed in 2021 by Hashim et al. [29]. This
algorithm is a physics-based metaheuristic algorithm inspired
by Archimedes’ principle. It explains the force’s behavior when
an object is submerged entirely or partially in a fluid. Figure 2
demonstrates the Archimedes principle. At the beginning of the
algorithm, collisions between the objects occur, leading to a
change in position due to the updated acceleration resulting from
collision. During this time, the algorithm tries to get a solution in
the global solution space so that it doesn’t get stuck in the local
optimum. This phase is called the exploration phase.

After a period of time, the collision between objects doesn’t occur
as the algorithm tries to get into the equilibrium state. During
this time, the algorithm tries to get an optimal solution in the
already identified promising region or the local solution space.
Like the other population-based metaheuristic algorithms, the
Archimedes Optimization algorithm starts its search process with
an initial population of objects. These objects in the population
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are the candidate solutions for the workflow scheduling problem.
Each object is initialized with random densities, volumes, and
accelerations. Also, each object is initialized with a random posi-
tion in the fluid. The densities and volumes of the objects are
updated in each iteration of the algorithm. Based on these densi-
ties, volumes, and the number of iterations, the accelerations of
the objects are updated. Further, the accelerations of the objects
are normalized. Based on these normalized accelerations of the
objects, the positions of the objects are updated. Following is a
detailed explanation of the algorithmic steps and the mathemat-
ical formulation for this algorithm.

Object Encoding: An object is a candidate solution to the work-
flow scheduling problem. It should have an encoding that per-
fectly includes all the elements that explain the object’s behavior,
like position, density, volume, acceleration, normalized accelera-
tion, makespan, cost, and fitness. Figure 3 explains the structure
of the encoded object we proposed to solve the workflow schedul-
ing problem.

Here, an object comprises eight fields, as shown in Figure 3, of
which five are vectors: Position, Density, Volume, Acceleration,
and Normalized Acceleration. The index of the vector refers to
the task’s identity, and the position value refers to the virtual
machine to which that particular task is associated. For example,
Task 1 is associated with the P1 virtual machine according to this

FIGURE 2 | Archimedes principle.

particular solution. The size of these vectors equals the number of
tasks in the workflow. To create a population of size𝑁 , we must
generate𝑁 such objects.

Initialization: To initialize the population, each object, except
for one, is assigned random values. The position vector of the
first object is initialized by seeding it with the Heterogeneous
Earliest Finish Time (HEFT) solution, which provides the virtual
machine (VM) for task mapping for the formulated problem. For
the remaining objects, the position vectors are initialized with
random integer values within a specified range, as defined in
Equation (21). The lower bound of this range, 𝑏𝑙, corresponds to
the smallest virtual machine identity, while the upper bound, 𝑏𝑢,
is the largest virtual machine identity. It is assumed that if 𝑉 vir-
tual machines are created, their identities range from 0 to 𝑉 − 1.

𝜌𝑛 = 𝜗 × (𝑏𝑢 − 𝑏𝑙) + 𝑏𝑙 𝑤ℎ𝑒𝑟𝑒 𝑛 = 1, 2, 3, . . . , 𝑁 (21)

Here, 𝜗 is a random number generated between 0 and 1. Based
on the position vector, the tasks are scheduled on the virtual
machines associated with it, and hence, the makespan, cost, and
fitness values are computed for each object. Apart from the posi-
tion vector, the remaining vectors are initialized with random
values between 0 and 1 as given in Equations (22)–(24).

𝐷𝑛 = 𝜗 𝑤ℎ𝑒𝑟𝑒 𝑛 = 1, 2, 3, . . . , 𝑁 (22)

𝑉𝑛 = 𝜗 𝑤ℎ𝑒𝑟𝑒 𝑛 = 1, 2, 3, . . . , 𝑁 (23)

𝐴𝑛 = 𝜗 × (𝑏𝑢 − 𝑏𝑙) + 𝑏𝑙 𝑤ℎ𝑒𝑟𝑒 𝑛 = 1, 2, 3, . . . , 𝑁 (24)

Fitness Function: In metaheuristic algorithms, the fitness func-
tion is a measure to quantify the quality of the solutions. Depend-
ing on the objectives, any problem can have multiple fitness
functions. As we have taken makespan and cost minimization
as our objectives while finding the solution to the workflow
scheduling problem, we have designed the fitness function as
given in Equation (25).

𝐹𝑛 =
1

1 + (𝛼) ×𝑀𝑛 + (1 − 𝛼) × 𝐶𝑜𝑠𝑡𝑛
𝑤ℎ𝑒𝑟𝑒 𝑛 = 1, 2, 3, . . . , 𝑁 (25)

FIGURE 3 | Encoded object.
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Here, the value of 𝛼 decides the significance we want to give
to the makespan and cost values. Since we wanted to devise a
cost-efficient algorithm, we have taken the alpha value to be 0.4.
It prioritizes solutions with lower costs while considering the
makespan as well. Hence, this function is well suited for our
objective of devising a cost-efficient multi-objective approach.
After the initialization of the population and after each iteration,
the fitness for each object is computed using the fitness function.
The object with the best fitness value is assigned as the𝑂𝑏, and the
position, density, volume, and acceleration associated with that
object is assigned as the 𝜌𝑏,𝐷𝑏, 𝑉𝑏 and 𝐴𝑏.

Transfer Factor: As discussed earlier, the Archimedes Opti-
mization algorithm goes through two phases to get the best solu-
tion, i.e., the exploration and exploitation phase. Based on the
transfer factor, the algorithm decides whether to perform the
exploration or exploitation phases, i.e., whether to search for a
solution in the global solution space or local solution space. The
transfer factor depends on the maximum number of iterations
and the number of iterations reached so far and can be computed
as Equation (26).

𝑇𝐹𝑚+1 = exp
(
(𝑚 + 1) −𝑀

𝑀

)
(26)

The transfer factor gradually increases with the number of iter-
ations reached so far. If the transfer factor is below a threshold
value, the algorithm enters the exploration phase and explores
the possible solutions in the global solution space. As the number
of iterations increases and the value of the transfer factor crosses
that threshold value, the algorithm tries to stabilize the solution
space and find a solution better than the current one in the local
solution space or the already identified promising region. Hence,
the transfer factor and the threshold value will decide after which
iteration the algorithm will shift from the exploration phase to the
exploitation phase, i.e., global to local search.

Density Decreasing Factor: The density decreasing factor is
another factor that depends on the number of iterations reached
and the maximum number of iterations. It is given by the
Equation (27).

𝐷𝐹𝑚+1 = exp
(
𝑀 − (𝑚 + 1)

𝑀

)
−
( 1
𝑀

)
(27)

With the increasing number of iterations reached, the value of
the density decreasing factor decreases gradually. This gradual
decrease in the value helps the solutions to converge in the
already identified promising region. Properly handling this vari-
able positively affects the exploration and exploitation phases.

Update Mechanisms: In each iteration, the transfer factor and
the density decreasing factor are computed. Afterward, the den-
sity and the volume of the object are updated. Based on the trans-
fer factor and the threshold value, it is decided whether to enter
the exploration or exploitation phase. Accordingly, the accelera-
tion value is updated and normalized. The position of the object is
updated. Again, the fitness is computed, and the 𝑂𝑏 is identified.
The following are the update mechanisms.

Best Object Update: Based on the position vector, each object is
evaluated as per the fitness function given in Equation (25) and

the 𝑂𝑏 is updated according to Equation (28).

𝑂𝑏 =

{
𝑂𝑛 𝑖𝑓 𝐹𝑛 ≥ 𝐹𝑏

𝑂𝑏 𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
(28)

Density Update: The density of each object is updated as given
in Equation (29). The updated density is the previous density with
a slight shift towards the density associated with the 𝑂𝑏 in the
previous iteration.

𝐷𝑚+1
𝑛

= 𝐷𝑚
𝑛
+ 𝜗 × (𝐷𝑏 −𝐷𝑚𝑛 ) (29)

Volume Update: The volume of each object is updated as given
in Equation (30). Also, the updated volume is the previous vol-
ume with a slight shift towards the volume associated with the
𝑂𝑏 in the previous iteration.

𝑉 𝑚+1
𝑛

= 𝑉 𝑚
𝑛
+ 𝜗 × (𝑉𝑏 − 𝑉 𝑚𝑛 ) (30)

Acceleration Update: Based on the transfer factor, the phase
the algorithm will enter will be decided. If the algorithm enters
the exploration phase, the acceleration will be updated as in
Equation (31). In this phase, a collision between objects happens.
Each object 𝑂𝑛 collides with any random object 𝑂𝜗, which leads
to the change in the acceleration of the 𝑂𝑛.

𝐴𝑚+1
𝑛

=
𝐷𝜗 + 𝑉𝜗 × 𝐴𝜗
𝐷𝑚+1
𝑛

× 𝑉 𝑚+1
𝑛

(31)

If the algorithm enters the exploitation phase, the acceleration
will be updated according to Equation (32). In this phase, the
algorithm tries to get a better solution in an already identified
promising region. It updates the acceleration according to the 𝑂𝑏
identified so far.

𝐴𝑚+1
𝑛

=
𝐷𝑏 + 𝑉𝑏 × 𝐴𝑏
𝐷𝑚+1
𝑛

× 𝑉 𝑚+1
𝑛

(32)

Acceleration Normalization: Acceleration normalization is
performed according to Equation (33) to determine the percent-
age of change in the acceleration as per the minimum and maxi-
mum acceleration.

𝑁𝐴𝑚+1
𝑛

= 𝑢 ×
𝐴𝑚+1
𝑛

− min(𝐴)
max(𝐴) − min(𝐴)

+ 𝑙 (33)

When the algorithm is in the exploration phase, the objects usu-
ally have a higher acceleration value. With the increase in the
number of iterations reached the acceleration value decreases as
the algorithm reaches the exploitation phase. Hence, this tech-
nique allows the algorithm to find the best global solution while
avoiding getting trapped in local optima. Hence, the algorithm
attains the balance between exploration and exploitation.

Position Update: After getting the acceleration value, it’s the
turn to update the object’s position. Depending on the transfer
factor and the threshold value, the phase for the current iteration
of the algorithm is decided. If the algorithm is in the exploration
phase, the position is updated according to the Equation (34).
Here, 𝐶1 is a constant value 2.

𝜌𝑚+1
𝑛

= 𝜌𝑚
𝑛
+ 𝐶1 × 𝜗 ×𝑁𝐴𝑚+1

𝑛
×𝐷𝐹𝑚+1 × (𝜌𝜗 − 𝜌𝑚𝑛 ) (34)
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ALGORITHM 1 | Modified Archimedes Optimization Algorithm.

Input: TaskList, VmList, Maximum iterations 𝑡𝑚𝑎𝑥, Population Size 𝑃 , Threshold 𝜃.
Output: Task to VM mapping with best fitness value

1: Generate the objects according to the population size.
2: Initialize the position vector of the first object by seeding the HEFT solution for the problem.
3: for remaining each 𝑂𝑏𝑗𝑒𝑐𝑡𝑖 in the population 𝑃 do
4: Initialize the Object’s position, density, volume, and acceleration according to Equations (21)–(24), respectively.
5: Compute the Object’s fitness according to Equation (25).
6: end for
7: Assign the 𝑂𝑏𝑗𝑒𝑐𝑡𝑏𝑒𝑠𝑡 according to the Equation (28).
8: while 𝑡 < 𝑡𝑚𝑎𝑥 do
9: Compute the Transfer Factor 𝑇𝐹 using the Equation (26).

10: Compute the Density Decreasing factor𝐷𝐷𝐹 using the Equation (27).
11: for each 𝑂𝑏𝑗𝑒𝑐𝑡𝑖 in the population 𝑃 do
12: Update the Object’s density using Equation (29).
13: Update the Object’s volume using Equation (30).
14: if (𝑇𝐹 <= 𝜃) then Exploration Phase
15: Update Object’s acceleration using Equation (31).
16: Normalize Object’s acceleration using Equation (33).
17: Update Object’s position using Equation (34).
18: else Exploitation Phase
19: Update Object’s acceleration using Equation (32).
20: Normalize Object’s acceleration using Equation (33).
21: Compute the flag 𝐹 , 𝑆, and 𝑇 using Equations (36)–(38).
22: Update Object’s position using Equation (35).
23: end if
24: Perform the local escaping operation using Algorithm 2 for 𝑂𝑏𝑗𝑒𝑐𝑡𝑖.
25: Compute the Object’s fitness according to Equation (25).
26: end for
27: Update the 𝑂𝑏𝑗𝑒𝑐𝑡𝑏𝑒𝑠𝑡 according to the Equation (28).
28: t= t+1
29: end while

If the algorithm is in the exploitation phase, the position is
updated according to the Equation (35).

𝜌𝑚+1
𝑛

= 𝜌𝑚
𝑏
+ 𝐹 × 𝐶2 × 𝜗 ×𝑁𝐴𝑚+1

𝑛
×𝐷𝐹𝑚+1 × (𝑇 × 𝜌𝑏 − 𝜌𝑚𝑛 )

(35)
The variable𝐹 denotes a flag that changes the direction of motion
and is computed according to Equation (36).

𝐹 =

{
+1 𝑖𝑓 𝑆 ≤ 0.5
−1 𝑖𝑓 𝑆 > 0.5

(36)

Here, 𝑆 is the variable computed according to Equation (37).

𝑆 = 2 × 𝜗 − 𝐶4 (37)

where 𝐶4 is a constant value 0.5. The variable 𝑇 is an increasing
variable proportional to the transfer factor and can be computed
according to Equation (38).

𝑇 = 𝐶3 × 𝑇𝐹𝑚+1 (38)

Here, 𝐶3 is a constant of value 2.

4.1.2 | Local Escaping Operation

The LEO algorithm, introduced as a local search method by
Ahmadianfar, Bozorg-Haddad and Chu [30], is designed to

enhance the performance of optimization algorithms, such as
the Gradient-Based Optimizer (GBO), by facilitating the explo-
ration of new regions, which is particularly useful in addressing
complex real-world problems. LEO improves solution quality by
updating their positions based on certain criteria, helping to avoid
local optima and improving convergence. It generates alternative
solutions, denoted as 𝑂LEO, that exhibit superior performance by
leveraging several key solutions: the best-known solution 𝑂best,
two randomly generated solutions 𝑂r1 and 𝑂r2, and a newly gen-
erated random solution 𝑂k. Consequently, the solution 𝑂LEO can
be expressed using Equations (49) and (50), as mathematically
formulated in Algorithm 2:

The operation starts with 𝑂𝑚
𝑛

, which represents the current posi-
tion of the considered object, 𝑂best is the best-scored position, 𝑅1
is a random value in the range [0, 1], and 𝑓1 and 𝑓2 are uniformly
distributed random values in the range [−1, 1]. 𝑂𝑚

𝑟1 and 𝑂𝑚
𝑟2 are

two randomly selected solutions from the population, and 𝑂𝑚1
𝑛

and 𝑂𝑚2
𝑛

are two randomly generated solutions from the current
population, as shown in Equation (39):

𝑂𝑚1
𝑛
, 𝑂𝑚2
𝑛

= 𝑏𝑙 + rand(𝐷𝑖𝑚) × (𝑏𝑢 − 𝑏𝑙) (39)

where 𝑏𝑙 and 𝑏𝑢 are the lower and upper bounds, respectively,
and 𝐷𝑖𝑚 represents the dimension of the solution, in our case,
the number of tasks. Additionally, 𝑛 and𝑚 denote the coordinates
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ALGORITHM 2 | Local Escaping Operation.

Input: Best-known solution 𝑂best, current solution 𝑂𝑚
𝑛

.
Output: Task to VM mapping with best fitness value𝑂LEO.

1: Select two random solutions 𝑂𝑚r1 and 𝑂𝑚r2 from the current
population.

2: Randomly generate two solutions 𝑂𝑚1
𝑛

and 𝑂𝑚2
𝑛

from the
current population using Equation (39).

3: Randomly generate three variables 𝑢1, 𝑢2 and 𝑢3 as given in
Equations (40)–(42).

4: Compute 𝛽, 𝛼 and 𝜌1 as given in Equations (45), (44), and (43),
and respectively.

5: Determine the solution 𝑂𝑚
𝑘

using the Equations (46)–(48).
6: Generate a random number 𝑅1.
7: if 𝑅1 < 0.4 then
8: Update 𝑂𝐿𝐸𝑂

𝑚
using Equation (49).

9: else Update 𝑂𝐿𝐸𝑂
𝑚

using Equation (50).
10: Update the current solution using Equation (51).

of the solution, where 𝑛 = 1, 2, 3, . . . , 𝑁 and𝑚 = 1, 2, 3, . . . , 𝐷𝑖𝑚.
Furthermore, 𝑢1, 𝑢2, and 𝑢3 are three variables randomly gener-
ated as in the Equations (40)–(42):

𝑢1 = 𝐿1 × 2 × rand + (1 − 𝐿1) (40)

𝑢2 = 𝐿1 × rand + (1 − 𝐿1) (41)

𝑢3 = 𝐿1 × rand + (1 − 𝐿1) (42)

where 𝐿1 is a binary parameter (i.e., 𝐿1 = 1 if 𝜇1 < 0.5, other-
wise 𝐿1 = 0), and 𝜇1 is a random value in the range [0, 1]. More-
over, 𝜌1 is introduced to balance the exploration and exploitation
phases during the search process, and it can be expressed as in
Equation (43):

𝜌1 = 2 × rand × 𝛼 − 𝛼 (43)

where 𝛼 can be computed using Equation (44) and 𝛽 can be com-
puted as in Equation (45).

𝛼 =
||||𝛽 × sin

(3𝜋
2

+ sin
(
𝛽 × 3𝜋

2

))|||| (44)

𝛽 = 𝛽min + (𝛽max − 𝛽min) ×

(
1 −

(
𝑡

𝑡max

)3
)2

(45)

Here, 𝛽min and 𝛽max are set to 0.2 and 1.2, respectively, 𝑡 is the
current iteration, and 𝑡max is the maximum number of iterations.
The parameter 𝜌1 varies according to the sine function 𝛼, ensur-
ing a balance between exploration and exploitation. Further, to
determine the solution𝑂𝑚

𝑘
, the following Equations (46) and (48)

are used.

𝑂𝑚
𝑘
=

{
𝑂rand if 𝜇2 < 0.5
𝑂𝑚
𝑝

otherwise
(46)

Here, 𝑂rand is a new solution calculated using Equation (47),
𝑂𝑚
𝑝

is a random solution selected from the population (𝑝 ∈
[1, 2, . . . , 𝑁]), and 𝜇2 is a random number in the range [0, 1].

𝑂rand = 𝑏𝑙 + rand(0, 1) × (𝑏𝑢 − 𝑏𝑙) (47)

Equation (46) can be reformulated as Equation (48):

𝑂𝑚
𝑘
= 𝐿2 × 𝑂𝑚𝑝 + (1 − 𝐿2) × 𝑂rand (48)

Here 𝐿2 is a binary parameter that takes the value 0 or 1. If the
parameter 𝜇2 is less than 0.5,𝐿2 is set to 1; otherwise, it is set to 0.
Further, a random value is generated between 0 and 1.If𝑅1 < 0.4,
then the solution 𝑂𝐿𝐸𝑂

𝑚
is updated according to Equation (49),

otherwise it is updated according to Equation (50).

𝑂𝐿𝐸𝑂
𝑚

= 𝑂𝑚
𝑛
+ 𝑓1 ×

(
𝑢1 × 𝑂best − 𝑢2 × 𝑂𝑚𝑘

)
+ 𝑓2 × 𝜌1

(
𝑢3 ×

(
𝑂𝑚2
𝑛

− 𝑂𝑚1
𝑛

))
+
𝑢2 ×

(
𝑂𝑚
𝑟1 − 𝑂

𝑚
𝑟2
)

2
(49)

𝑂𝐿𝐸𝑂
𝑚

= 𝑂best + 𝑓1 ×
(
𝑢1 × 𝑂best − 𝑢2 × 𝑂𝑚𝑘

)
+ 𝑓2 × 𝜌1 ×

(
𝑢3 ×

(
𝑂𝑚2
𝑛

− 𝑂𝑚1
𝑛

))
+
𝑢2 ×

(
𝑂𝑚
𝑟1 − 𝑂

𝑚
𝑟2
)

2
(50)

𝑂𝑚+1
𝑛

= 𝑂𝐿𝐸𝑂
𝑚

(51)

Finally, the current solution is updated according to the
Equation (51) using the local escaping operation.

4.2 | The MLEAO Approach

Like many other optimization algorithms, the Archimedes Opti-
mization Algorithm (AOA) faces the challenge of getting stuck in
local optima. Being trapped in a local region can prevent the opti-
mizer from reaching the global optimal solution. This issue is par-
ticularly common in certain optimization scenarios, especially in
complex and high-dimensional problems [31]. Additionally, the
generation of new solutions is based on those from the previous
iteration. This approach may slow down the convergence rate of
the algorithm and prevent solutions from effectively covering the
entire search space, leading to premature convergence. Similar
to most optimization algorithms, the Improved Arithmetic Opti-
mization Algorithm (MLEAO) begins with an initialization pro-
cess by generating an initial population consisting of 𝑁 objects.
Each search object has a dimensionality 𝐷𝑖𝑚 (number of tasks)
within the search space, bounded by the upper and lower lim-
its (𝑏𝑢 and 𝑏𝑙 representing the maximum and minimum identity
number of virtual machines).

The complete process is discussed in Algorithms 1 and 2. It starts
with the list of VMs and tasks. The objects in the population
are generated according to the given population size. Thereafter,
the whole population is initialized as given in Algorithm 1. The
position vector of the first solution is initiated by seeding the
HEFT solution for the problem. For remaining objects, the posi-
tion vector is initialized as discussed in the Equation (21). The
density, volume, and acceleration vectors of all the objects are
initialized according to the Equations (22)–(24). Based on the
current position vector, the makespan, and the cost are com-
puted; hence, each object’s fitness is evaluated according to
Equation (25). Then, the object with the best fitness value is
assigned as the 𝑂𝑏𝑗𝑒𝑐𝑡best according to Equation (28). Afterward,
the algorithm iterations start. For each iteration, the transfer and
density decreasing factor is computed as in Equations (26) and
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(27). For each object in the population, the density and the vol-
ume are updated according to the Equations (29) and (30).

Based on the transfer factor, whether the algorithm will enter the
exploration or exploitation phase is decided. In the exploration
phase, acceleration is updated as in Equation (31); otherwise,
Equation (32). Afterward, the acceleration is normalized as given
in Equation (33). In the exploration phase, the position is updated
according to the Equation (34). Otherwise, the flag 𝐹 , 𝑆 and 𝑇
are computed as in Equations (36)–(38), and further, the posi-
tion is updated as given in Equation (35). Afterward, the current
solution is passed on to the Algorithm 2 for the local escaping
operation. Algorithm 2 randomly selects two solutions from the
current population. Afterward, it generates two random solutions
from the current population using Equation (39). Further, It ran-
domly generates three variables 𝑢1, 𝑢2 and 𝑢3 according to the
Equations (40)–(42). Then, 𝛽, 𝛼 and 𝜌1 are computed as given in
Equations (45), (44), and (43) respectively. Further, the solution
𝑂𝑚
𝑘

is defined using the Equations (46)–(48). Afterward, a ran-
dom number 𝑅1 is generated between 0 and 1. If 𝑅1 < 0.4, 𝑂𝐿𝐸𝑂

𝑚

is updated using Equation (49) otherwise using Equation (50).
Then the current solution is updated using Equation (51). Then,
Algorithm 2 returns the current solution obtained after perform-
ing the local escaping operation to the Algorithm 1. Now, the
fitness of the returned solution is calculated. At the end of each
iteration, the𝑂𝑏𝑗𝑒𝑐𝑡best is updated as per the Equation (28). When
the maximum number of iterations is reached, the position vec-
tor of the𝑂𝑏𝑗𝑒𝑐𝑡𝑏𝑒𝑠𝑡 is taken as the final allocation of tasks on the
virtual machine, and hence, the algorithm concludes.

5 | Experimental Environment & Performance
Evaluation

5.1 | Experimental Setup

This section discusses the extensive experiments performed over
the five well-known scientific workflows. The experiments were
performed on the well-known cloud simulation tool, named
Workflowsim, using Eclipse IDE on a desktop with the system
type 64-bit, Windows 10 Pro operating system, x64-based proces-
sor Intel(R) Core(TM) i7-7700 CPU 3.60 GHz with installed RAM
32.00 GB (31.9 GB usable).

We have performed extensive experiments on the five
well-known workflows with nearly 30, 50, 100, and 1,000
tasks each for this purpose: Montage, SIPHT, CyberShake,
Epigenomics, and Inspiral [32]. We scheduled these tasks on 20
virtual machines with specifications similar to Amazon EC2 C4
instances as described in Table 3.

TABLE 3 | VM instances.

VM
Instance

Number of
vCPUs

Memory
(GiB) Price ($)

c4.large 2 3.75 0.116
c4.xlarge 4 7.5 0.232
c4.2xlarge 8 15 0.464
c4.4xlarge 16 30 0.928
c4.8xlarge 36 60 1.856

5.2 | Results

We have compared our proposed work, Cost-efficient
Archimedes Optimization (MLEAO) approach with well-known
workflow scheduling algorithms, i.e., EARES [33], Genetic
Algorithm (GA) [34], Particle Swarm Optimization (PSO) [35]
and Modified Fuzzy Genetic Algorithm (MFGA) [36]. Here,
we have taken the basic GA and replaced the fitness func-
tion with the fitness function used in our approach to make it
multi-objective and have a fair competition. Similarly, we have
done for PSO. MFGA improved GA by introducing a fuzzy logic
scheme to update the crossover and mutation parameters after
each iteration. We have compared our approach with these
well-known algorithms.

5.2.1 | Parameter Settings

The various parameters taken for the experiments are discussed
in this section. The average network bandwidth was 20 Mbps,
and its cost per bandwidth was 0.1$. We performed 50 sim-
ulations of all the algorithms on all the workflows discussed
earlier. Each simulation had 100 iterations with a population
size of 50. To decide the number of iterations to be performed
while simulation, we performed rigorous simulations on various
numbers of iterations for all the algorithms. Figure 4 depicts
the convergence graph of state-of-the-art approaches for various
workflows when compared to our proposed approach. All the
compared approaches are converging around 100 iterations, but
our approach is converging around 90 iterations. To maintain an
upper bound, the number of iterations for which the final simu-
lations were performed is taken as 100. For GA, the crossover and
mutation rates were set to be 70% and 30%. For PSO, the parame-
ters 𝑐1 and 𝑐2 were equal to 2, and the value of𝜔was set to 0.5. For
MFGA, the starting crossover and mutation rates were taken to
be 70% and 30%, respectively, which were further updated by the
algorithm. For our approach, we have taken the𝐶1,𝐶2,𝐶3 and𝐶4
as 2, 6, 2, and 0.5, respectively. To determine the values of these
parameters, we have performed a sensitivity analysis presented
in Table 4. It presents the fitness values obtained for various
workflows by considering various feasible values for these
parameters as provided by Hashim et al. [29]. The best fitness
values for all the workflows were obtained in scenario 23; that’s
why it is considered the final parameter value in our approach.
As we wanted our proposed approach to be cost-effective,
the value of 𝛼 was taken as 0.4 thoroughly. The threshold
𝜃 for the exploration and exploitation phase decision was
taken as 0.5.

5.2.2 | Evaluation Metrics

We have compared our approach to the state-of-the-art algo-
rithms based on evaluation metrics such as makespan, cost,
energy consumption, and resource utilization. Rather than just
using these metrics for performance comparison of our approach
to the other algorithms, we have also compared the metaheuristic
approaches based on Pareto-optimality metrics, such as hypervol-
ume, s-metric, and dominance, as our objectives were makespan
and cost efficiency. In the end, we also discussed the overall com-
plexity analysis of the various approaches.
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(a) (b)

(c) (d)

FIGURE 4 | Convergence analysis of state of the art for various workflows. (a) Montage. (b) SIPHT. (c) CyberShake. (d) Inspiral.

Makespan, Cost, Energy Consumption and Resource
Utilization: To compare the approaches according to their
makespan, cost, energy consumption, and resource utilization
values, we have computed these metrics for the final schedule
of each simulation according to Equations (9), (15), (18), and
(19), respectively. Further, we have taken the average values
after performing all the simulations. Figure 5a–d presents the
average makespan, cost, energy consumption, and resource
utilization, respectively, for the Montage workflow with 25, 50,
and 100 tasks.Figure 6a–d presents the average makespan, cost,
energy consumption, and resource utilization, respectively, for
the SIPHT workflow with 30, 60, and 100 tasks. Figure 7a–d
presents the average makespan, cost, energy consumption, and
resource utilization, respectively, for the CyberShake workflow
with 30, 50, and 100 tasks. Figure 8a–d presents the average
makespan, cost, energy consumption, and resource utilization,
respectively, for the Inspiral LIGO workflow with 30, 50, and 100
tasks. Figure 9a–d presents the average makespan, cost, energy
consumption, and resource utilization, respectively, for the
Epigenomics workflow with 24, 46, and 100 tasks. Figure 10a–d
presents the average makespan, cost, energy consumption, and
resource utilization, respectively, for the Montage and Cyber-
Shake workflows with 1,000 tasks. Figure 11a–d presents the

average makespan, cost, energy consumption, and resource uti-
lization, respectively, for the SIPHT and Inspiral LIGO workflows
with 1,000 tasks. Figure 12a–d presents the average makespan,
cost, energy consumption, and resource utilization, respectively,
for the Epigenomics workflow with 997 tasks.

Hypervolume: The volume between a set of solutions and a ref-
erence point is used to characterize the diversity and convergence
of the solutions of any approach and is known as hypervolume.
Concretely, a higher hypervolume value means higher quality
and distribution of the obtained solutions [37]. Table 5 compares
the hypervolume values of the state-of-the-art algorithms to our
approach on a given reference point.

𝐷(𝐴,𝐵) = |𝑏 ∈ 𝐵,∃𝑎 ∈ 𝐴, 𝑎 ≥ 𝑏||𝐵| (52)

Dominance: The dominance relationship between two solution
sets is denoted as in Equation (52), in which the ratio of solu-
tions in B dominated by solutions in A is represented by D(A, B).
Table 6 compares our approach’s dominance relationship with
other approaches. For example, D(MLEAO, GA) represents the
dominance of MLEAO over GA.
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TABLE 4 | Sensitivity analysis of different parameters for various workflows.

Scenario C1 C2 C3 C4 Montage Sipht CyberShake Inspiral Epigenomics

1 1 2 1 0.5 0.000105217 7.0185E−06 5.22919E−05 5.35008E−06 3.21556E−07
2 1 2 1 1 0.000104748 7.03625E−06 5.23939E−05 5.35031E−06 3.22103E−07
3 1 2 2 0.5 0.000104881 6.94986E−06 5.2258E−05 5.35062E−06 3.21581E−07
4 1 2 2 1 0.000105073 7.04032E−06 5.20995E−05 5.36382E−06 3.22038E−07
5 1 4 1 0.5 0.000105199 7.03073E−06 5.22569E−05 5.34933E−06 3.21604E−07
6 1 4 1 1 0.000104737 6.98677E−06 5.25189E−05 5.33561E−06 3.21178E−07
7 1 4 2 0.5 0.000105002 7.03647E−06 5.23454E−05 5.35584E−06 3.22526E−07
8 1 4 2 1 0.000105179 7.03007E−06 5.25138E−05 5.35573E−06 3.21768E−07
9 1 6 1 0.5 0.000105244 7.00405E−06 5.25329E−05 5.34938E−06 3.22365E−07
10 1 6 1 1 0.000105146 7.04167E−06 5.20887E−05 5.356E−06 3.21318E−07
11 1 6 2 0.5 0.000105182 7.04017E−06 5.2417E−05 5.35793E−06 3.22517E−07
12 1 6 2 1 0.000105358 6.99816E−06 5.24434E−05 5.36234E−06 3.18566E−07
13 2 2 1 0.5 0.000105032 7.02749E−06 5.23241E−05 5.36921E−06 3.21577E−07
14 2 2 1 1 0.000105285 6.96698E−06 5.23224E−05 5.37479E−06 3.22029E−07
15 2 2 2 0.5 0.00010542 7.02052E−06 5.2263E−05 5.37045E−06 3.22026E−07
16 2 2 2 1 0.000105435 7.08169E−06 5.2212E−05 5.3579E−06 3.20806E−07
17 2 4 1 0.5 0.000105415 7.04787E−06 5.23327E−05 5.3469E−06 3.22211E−07
18 2 4 1 1 0.000105393 7.02593E−06 5.23798E−05 5.36903E−06 3.21678E−07
19 2 4 2 0.5 0.000105468 7.04272E−06 5.2449E−05 5.36477E−06 3.22036E−07
20 2 4 2 1 0.000105452 7.01401E−06 5.25193E−05 5.35295E−06 3.21996E−07
21 2 6 1 0.5 0.000105583 7.01939E−06 5.25455E−05 5.36293E−06 3.22148E−07
22 2 6 1 1 0.000105674 6.98326E−06 5.25407E−05 5.37892E−06 3.21481E−07
23 2 6 2 0.5 0.000105842 7.08873E − 06 5.26369E − 05 5.38544E − 06 3.22719E − 07
24 2 6 2 1 0.000105791 7.07131E−06 5.22584E−05 5.37661E−06 3.21497E−07

(a) (b) (c) (d)

FIGURE 5 | Montage. (a) Makespan. (b) Cost. (c) Energy consumption. (d) Resource utilization.

(a) (b) (c) (d)

FIGURE 6 | SIPHT. (a) Makespan. (b) Cost. (c) Energy consumption. (d) Resource utilization.

(a) (b) (c) (d)

FIGURE 7 | CyberShake. (a) Makespan. (b) Cost. (c) Energy consumption. (d) Resource utilization.
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(a) (b) (c) (d)

FIGURE 8 | Inspiral LIGO. (a) Makespan. (b) Cost. (c) Energy consumption. (d) Resource utilization.

(a) (b) (c) (d)

FIGURE 9 | Epigenomics. (a) Makespan (b) Cost. (c) Energy consumption. (d) Resource utilization.

(a) (b) (c) (d)

FIGURE 10 | Montage_1000 and CyberShake_1000. (a) Makespan. (b) Cost. (c) Energy consumption. (d) Resource utilization.

(a) (b) (c) (d)

FIGURE 11 | SIPHT_1000 and Inspiral_1000. (a) Makespan. (b) Cost. (c) Energy consumption. (d) Resource utilization.

(a) (b) (c) (d)

FIGURE 12 | Epigenomics_997. (a) Makespan. (b) Cost. (c) Energy consumption. (d) Resource utilization.
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TABLE 5 | Comparison for hypervolume.

Reference Point Workflow GA PSO MFGA MLEAO

(500, 500) Montage_25 1.32E+05 1.36E+05 1.41E+05 1.43E+05
(1,000, 1,000) Montage_50 4.06E+05 4.40E+05 4.45E+05 4.84E+05
(2,000, 2,000) Montage_100 1.47E+06 1.67E+06 1.38E+06 1.52E+06
(18,000, 18,000) Montage_1000 6.04E+07 6.92E+07 5.10E+07 6.07E+07
(15,000, 15,000) Sipht_30 1.19E+08 1.32E+08 1.28E+08 1.35E+08
(25,000, 25,000) Sipht_60 3.13E+08 3.02E+08 3.60E+08 3.57E+08
(250,000, 250,000) Sipht_100 5.74E+10 5.76E+10 5.75E+10 5.86E+10
(2,500,000, 2,500,000) Sipht_1000 5.67E+12 5.69E+12 5.66E+12 5.71E+12
(1,000, 1,500) CyberShake_30 5.29E+05 5.89E+05 6.13E+05 6.47E+05
(2,000, 3,000) CyberShake_50 2.12E+06 2.59E+06 2.41E+06 2.84E+06
(10,000, 15,000) CyberShake_100 1.05E+08 1.09E+08 1.09E+08 1.11E+08
(50,000, 50,000) CyberShake_1000 9.97E+08 1.04E+09 9.56E+08 9.60E+08
(50,000, 50,000) Inspiral_30 2.14E+09 2.16E+09 2.14E+09 2.20E+09
(50,000, 50,000) Inspiral_50 1.85E+09 1.88E+09 1.83E+09 1.89E+09
(50,000, 50,000) Inspiral_100 1.29E+09 1.27E+09 1.25E+09 1.38E+09
(50,000, 500,000) Inspiral_1000 3.52E+09 3.50E+09 3.61E+09 4.50E+09
(50,000, 500,000) Epigenomics_24 1.82E+10 1.97E+10 2.06E+10 2.07E+10
(50,000, 500,000) Epigenomics_46 1.38E+10 1.46E+10 1.32E+10 1.41E+10
(500,000, 1,500,000) Epigenomics_100 4.27E+11 4.58E+11 4.18E+11 4.74E+11
(5,000,000, 5,500,000) Epigenomics_997 4.56E+12 3.61E+12 3.06E+12 4.04E+12

S-Metric: It is the metric applied to quantify the uniformity of
a set of achieved solutions. Hence, the lower the value of the
s-metric for several simulations, the better the solution qual-
ity. Table 7 compares our approach’s s-metric values for various
workflows to the state-of-the-art approaches. The definition of
s-metric is given by Equation (53):

𝑆 =

√√√√ 1
𝑁𝑝

×
𝑁𝑝∑
𝑖=1

(𝑑𝑖 − 𝑑)2 (53)

where 𝑁𝑝 is the number of solutions and 𝑑 can be computed as
in Equation (54):

𝑑 = 1
𝑁𝑝

𝑁𝑝∑
𝑖=1

× 𝑑𝑖 (54)

5.2.3 | Performance Observations

As illustrated in Figure 5a–d, our method outperforms all
metaheuristics in most cases. However, while our approach
generally maintains steady performance, it does not surpass
the heuristic-based EARES approach in numerous instances.
EARES, though showing inconsistent performance, excelled
in certain workflows compared to metaheuristic approaches
but performed worse in others. Overall, our proposed method
achieved a 34% improvement in makespan, 36% in cost, and
26% in energy consumption over GA. Similarly, compared to
PSO, our approach reduced makespan by 26%, cost by 22%, and
energy by 17%. Against MFGA, we observed a 17% improvement
in makespan, 8% in cost, and 11% in energy consumption. In

our investigations, we found that for our proposed work, for
about 95% of cases, we got better resource utilization than the
state-of-the-art approaches. After analyzing Table 5, we found
that we got a higher hypervolume for about 70% of cases than
the compared algorithms, which shows that the set of solutions
generated by our algorithms is diverse. Hence, we are not stuck
in local optima. After analyzing Table 7, we found that our
approach got a lower s-metric value for about 95% of cases than
the compared algorithms, which shows that the set of solutions
generated by our algorithms is uniform, which means any two
nearest points in our solution set don’t lie too far from each
other. From Table 6, we observed that our method dominated
GA by 94.6% on average, while GA could dominate our solu-
tions by 4.29%. Our approach dominated the PSO algorithm by
82.11% on average, while the PSO algorithm could dominate
our solutions by 10.20%. Our approach dominated the MFGA
algorithm by 90.67% on average, while the MFGA algorithm
could dominate our solutions by 52.4%. The Archimedes opti-
mization algorithm achieves a robust balance between the
exploration and exploitation phases, refining the solution space
by emphasizing promising areas. This balance contributes to
superior solution quality relative to other advanced approaches.
Additionally, the fitness function prioritizes cost optimization,
while initializing with the HEFT solution as the position vector
for one object steers the population towards solutions with
improved makespan. Together, these strategies yield better
outcomes in both makespan and cost. The inclusion of a local
escaping operation further enhances solution quality by dynam-
ically regulating exploration and exploitation, helping to avoid
local optima.
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TABLE 6 | Comparison for dominance (in %).

Workflows (MLEAO, GA) (GA, MLEAO) (MLEAO, PSO) (PSO, MLEAO) (MLEAO, MFGA) (MFGA, MLEAO)

Montage_25 100.00 4.00 94.00 8.00 82.00 78.00
Montage_50 100.00 2.00 100.00 6.00 98.00 74.00
Montage_100 100.00 0.00 100.00 16.00 100.00 20.00
Montage_1000 100.00 4.00 88.00 0.00 100.00 0.00
Sipht_30 94.00 2.00 94.00 18.00 94.00 76.00
Sipht_60 96.00 2.00 72.00 2.00 94.00 70.00
Sipht_100 82.00 4.00 84.00 6.00 94.00 78.00
Sipht_1000 98.04 3.92 98.04 1.96 35.29 1.96
CyberShake_30 98.00 2.00 90.00 6.00 98.00 66.00
CyberShake_50 100.00 1.96 90.20 1.96 96.08 62.75
CyberShake_100 100.00 2.00 100.00 8.00 100.00 34.00
CyberShake_1000 100.00 2.00 44.00 0.00 60.00 4.00
Inspiral_30 92.00 0.00 26.00 2.00 92.00 82.00
Inspiral_50 100.00 0.00 80.00 10.00 100.00 60.00
Inspiral_100 84.00 2.00 86.00 2.00 92.00 56.00
Inspiral_1000 100.00 10.00 100.00 4.00 100.00 0.00
Epigenomics_24 94.00 2.00 80.00 18.00 96.00 76.00
Epigenomics_46 78.00 2.00 70.00 14.00 100.00 66.00
Epigenomics_100 100.00 2.00 70.00 10.00 100.00 36.00
Epigenomics_997 76.00 38.00 76.00 70.00 82.00 100.00

TABLE 7 | Comparison for s-metric.

Workflow GA PSO MFGA MLEAO

Montage_25 1.73E+01 1.76E+01 1.62E+01 1.42E+01
Montage_50 4.01E+01 3.47E+01 3.12E+01 2.53E+01
Montage_100 4.97E+01 4.62E+01 4.13E+01 3.30E+01
Montage_1000 1.67E+02 1.84E+02 1.68E+02 1.41E+02
Sipht_30 1.44E+03 1.29E+03 1.24E+03 1.02E+03
Sipht_60 2.14E+03 2.06E+03 1.90E+03 1.58E+03
Sipht_100 2.73E+03 2.83E+03 2.63E+03 2.17E+03
Sipht_1000 9.10E+03 8.47E+03 7.87E+03 6.48E+03
CyberShake_30 1.07E+02 9.68E+01 9.06E+01 7.93E+01
CyberShake_50 1.39E+02 1.29E+02 1.21E+02 1.02E+02
CyberShake_100 3.28E+02 2.84E+02 2.62E+02 2.09E+02
CyberShake_1000 4.23E+02 4.82E+02 4.34E+02 3.54E+02
Inspiral_30 6.25E+02 5.69E+02 5.43E+02 4.91E+02
Inspiral_50 1.07E+03 1.04E+03 9.78E+02 8.10E+02
Inspiral_100 1.01E+03 1.06E+03 9.91E+02 8.88E+02
Inspiral_1000 4.67E+03 5.01E+03 4.91E+03 4.07E+03
Epigenomics_24 2.39E+03 2.26E+03 2.04E+03 1.72E+03
Epigenomics_46 3.23E+03 3.73E+03 3.39E+03 2.94E+03
Epigenomics_100 2.09E+04 2.23E+04 2.15E+04 1.76E+04
Epigenomics_997 1.05E+05 1.48E+05 1.30E+05 1.16E+05
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5.3 | Complexity Analysis

The time complexity for all the metaheuristic algorithms we dis-
cussed is similar, i.e., 𝑂(𝑛3). However, the computational com-
plexity of GA is more prominent than our method as it includes
additional methods for performing the mutation and crossover.
MFGA is an advanced version of GA with all the computational
complexities of GA and the additional complexity of implement-
ing fuzzy logic in each iteration. Our approach implements some
arithmetic operations to get the new position for the object.
Hence, similar to PSO, the computational complexity in our case
is lower than that of the other algorithms.

6 | Conclusions & Future Research Directions

The enormous increase in usage of cloud computing has led
to extensive research in the workflow scheduling area. Numer-
ous algorithms have been proposed to schedule workflows for
the cloud computing paradigm. Nevertheless, most scheduling
algorithms deal with scheduling a workflow around a single
specific objective, usually makespan. Regarding user require-
ments, cost is also a significant aspect of the cloud comput-
ing paradigm. The likelihood of customers utilizing the ser-
vices offered by cloud service providers increases with decreasing
costs. This article addresses the limitations of heuristic, meta-
heuristic, and hybrid workflow scheduling approaches, which
frequently suffer from local optima entrapment, particularly
under heavy cloud traffic, and highlights the need for less com-
putationally complex methods. To meet this need, it proposes
a new multi-objective Modified Local Escaping Archimedes
Optimization (MLEAO) algorithm. This approach initializes
the Archimedes Optimization algorithm’s population using the
HEFT algorithm to guide solutions toward improved makespan
while achieving cost-efficient workflow scheduling and mitigat-
ing local optima entrapment through a local escaping operation.
The experiments were conducted using the well-known scien-
tific workflows Montage, SIPHT, CyberShake, Epigenomics, and
Inspiral. Numerous metrics, including the average makespan,
cost, resource usage, and energy consumption, were compared
with the state-of-the-art multi-objective approaches. A significant
improvement was observed in these metrics. Moreover, the effec-
tiveness of the proposed approach is also verified by performance
metrics such as hypervolume, s-metric, and dominance relation-
ships between the proposed and state-of-the-art approaches.

In the future, other scheduling objectives, such as load balancing,
energy efficiency, and fault tolerance, can be considered when
making scheduling decisions. Moreover, constraints like dead-
lines and budget can be considered for future research work.

Data Availability Statement

The authors have nothing to report.
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