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The rapid deployment of IoT applications creates several challenges. To address these challenges, a new
paradigm called Fog Computing extends Cloud Computing services to the network edge, which reduces
latency, conserves energy, and saves bandwidth. One of the major issues in enhancing the IoT application’s
performance is the tasks’ scheduling, specifically, how to allocate them to different resources distributed
across Fog-Cloud Computing layers. In this paper, a scheduling algorithm named SGWO is proposed,
which adapts the standard Grey Wolf Optimizer (GWO) algorithm by including an improvement aimed at
optimizing the balance between the exploration and exploitation phases. This adaptation enables the effi-
cient scheduling of dependent tasks, modeled as general workflows, by allocating them efficiently across
a hybrid topology composed of fog and cloud nodes with the dual objectives of minimizing makespan and
reducing resource utilization costs. A series of experiments were conducted in a static simulation environ-
ment using diverse workflow datasets under various topology configurations. The results demonstrate that
SGWO converges quickly and delivers better performance in terms of both makespan and cost, achieving
a fitness value higher than those obtained by PSO, SQGA, GA, MHEFT, and FCFS algorithms by 43.3%,
50.8%, 55.4%, 54.5%, and 57.7%, respectively, thereby confirming its effectiveness in scheduling for this
type of infrastructure

Povzetek: Članek predstavi SGWO, izboljšan Grey Wolf Optimizer za razporejanje odvisnih nalog v fog–
cloud okolju, ki z boljšim ravnotežjem med raziskovanjem in izkoriščanjem učinkoviteje minimizira stroške
rabe virov kot primerjalni algoritmi.

1 Introduction

The Internet of Things (IoT) provides numerous benefits
in several domains, such as automation, real-time decision
making, and monitoring, and improves efficiency and pro-
ductivity. These opportunities offered by IoT applications
have generated rapid developments that led to extensive in-
tegration. Statistics show that by 2025 almost 75 billion IoT
devices will be deployed in the world [13].
The high increase in the volume of data generated over

communication networks has created several challenges
in transmitting the data generated by these applications
to remote Cloud data centers, to be processed and ana-
lyzed [20][45].
Several research works have mentioned some challenges

related to the integration of IoT with Cloud Comput-
ing [6][10][23] such as IoT application presents a source
of Big Data, hence the need for storage on the Cloud and
complex data analysis [47]. A huge amount of data must be
transferred, which requires high bandwidth [6][9] and in-
creases latency [11], the infrastructure scalability is needed
to support the interaction of applications with several de-
ployed devices [6].

To address these issues and enhance the performance
of this kind of application, new solutions were proposed
in research works, among these solutions Fog Computing,
which represents a new paradigm, is first proposed by Cisco
in 2012, in order to overcome the limits of Cloud Com-
puting for processing data produced by IoT applications in
real-time.
Several definitions have been proposed such as Fog

computing, according to Cisco, is a paradigm that brings
Cloud computing and their services closer to the network’s
edge [1], and according to the OpenFog Consortium, the
Fog Computing is a: ”horizontal, system-level architecture
that distributes computing, storage, control and networking
functions closer to the users along a cloud-to-thing contin-
uum” [12]. This new paradigm has offered a number of
benefits to IoT applications, such as [21][3]: real-time com-
munications, low latency, saving bandwidth and low energy
consumption, etc.

1.1 The role of scheduling in fog computing

The amount of time it takes for tasks to be completed when
an end user requests them. The use of Fog-Cloud comput-
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ing’s resources plays an essential role in enhancing the per-
formance of this kind of application. Scheduling is one of
themain strategies used to optimize different objectives and
meet the different QoS requirements of IoT applications.
Scheduling tasks is a challenging problem in Fog

computing [26][2], which represents an NP-hard prob-
lem [16][43][14], impacting the optimization of application
performance. The hierarchical architecture of Fog comput-
ing allows resource distribution across multiple layers, con-
tributing to the complexity of this issue. To improve perfor-
mance based on these types of application requirements, we
require efficient scheduling algorithms that are grounded in
the theory of optimization [27]. These algorithms ensure
the proper assignment of tasks from an application to avail-
able infrastructure resources [15], to meet the end-user re-
quests effectively.
In this work, we introduce a metaheuristic scheduling al-

gorithm, named SGWO, which is based on the modified
GWOalgorithm adapted to address the scheduling problem.
The proposed algorithm SGWO, enhances the scheduling
of workflow-type tasks deployed on Fog-Cloud computing
infrastructure, aiming to optimize total execution time or
makespan and the overall execution cost associated with
resource utilization. In addition, the proposed scheduling
method takes into account the trade-off balance between the
makespan and the total cost. Furthermore, we conducted
a series of experiments to evaluate the performance of the
proposed SGWO scheduling algorithm against existing al-
gorithms, including PSO, GA, SQGA, MHEFT and FCFS.
The remainder of the paper is structured as follows. In

Section 2, we describe the system model and the relation-
ships between its layers. In Section 3, we define the for-
mulation of the proposed scheduling problem and the ob-
jective function that we seek to optimize. In Section 4,
we discuss the new scheduling approach and describe the
proposed SGWO algorithm. We present a series of exper-
iments and evaluations of the SGWO algorithm in Section
5, and a discussion of the results obtained. Finally, we con-
clude this work in Section 6.

1.2 Related work
One of the main challenges in improving the performance
of applications built on the Fog-Cloud computing infras-
tructure is scheduling. In the literature, many research
attempts have been made [28][18] to solve this problem.
Most of these studies use heuristics and metaheuristics al-
gorithms to address this type of problem [7][19][22].
Workflow scheduling often relies on heuristic strategies,

with HEFT (Heterogeneous Earliest Finish Time) standing
out as a widely recognized solution, this algorithm consists
of two stages: the task prioritizing phase and the processor
selection phase, with the aim of minimizing the earliest fin-
ish time (EFT). The classic version of the HEFT algorithm
aims to minimize the total execution time only. A new algo-
rithm called EHEFT-R (Enhanced Heterogeneous Earliest
Finish Time based on Rule) is proposed by the authors of

article [48], which addresses the multi-objective schedul-
ing problem in cloud computing by integrating three crite-
ria (makespan, energy consumption, QoS) in the form of a
weighted sum to calculate the rank function of phase one.
The experimental results show that this algorithm outper-
forms existing approaches such as HEFT, NSGA-II, QL-
HEFT, etc.
One of the most used scheduling algorithms is the ge-

netic algorithm [7][25]. A scheduling model, called EASM
for cloud computing [29], aimed at optimizing energy con-
sumption, execution time and Service Level Agreement
(SLA) violations. It operates in two phases, a preprocess-
ing phase that classifies tasks according to their delay con-
straints, followed by an optimization phase based on an
adaptive genetic algorithm. Experimental results show that
EASMoutperforms Round Robin and a naive version of the
genetic algorithm that does not take deadlines into account.
A task scheduling algorithm called CAG that uses the ge-

netic algorithm is proposed in [34]. It is executed at the cen-
tral scheduling node of the fog layer and decides whether to
perform a task in the cloud or fog layer. This aims to lower
execution costs and improve the meeting of deadlines for
task responses. The results indicate that the proposed algo-
rithm outperforms Round Robin and Minimum Response
Time Algorithms.
A hybrid strategy based on prioritizing tasks and a ge-

netic algorithm (PGA) is proposed in [17]. It chooses
the best node to execute a task, which optimizes both the
amount of energy used and the total execution time. A
novel scheduling algorithm for workflow-type tasks called
SQGA, using the quantum approach to improve the effec-
tiveness of the genetic algorithm is introduced in [8]. It
reduces the overall execution time of IoT applications. The
results show that the proposed algorithm outperforms tra-
ditional GA and FCFS algorithms.
Other research studies utilize scheduling algorithms de-

rived from swarm intelligence techniques, notably the Par-
ticle Swarm Optimization (PSO) approach, which has been
widely used for diverse optimization problems [25]. The
authors of [36] developed an expanded particle swarm op-
timization (EPSO) approach with an extra gradient method,
to reduce execution time and increase resource effective-
ness. The results show that the EPSO method proposed is
more effective than the conventional PSO algorithm. Some
research works focus on the hybridization of the PSO algo-
rithm, in the work [44], the authors develop a hybrid algo-
rithm between GA and PSO named GA-PSO, to reduce an
application’s makespan and energy usage in the fog com-
puting environment. The outcomes show that the suggested
hybrid algorithm GA-PSO outperforms the two traditional
algorithms GA and PSO. In [40], the authors also develop a
hybrid GA-PSO algorithm for dynamic resource allocation
aimed at minimizing the makespan. Their results demon-
strate that the hybrid algorithm is more effective compared
to standalone GA and PSO algorithms.
According to the studies listed in Table 1.2, most of

the scheduling techniques used in fog and cloud comput-
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Table 1: Summary of scheduling approaches in existing studies

Reference Infrastructure Workload
Type

Objective
Function

Optimization Strat-
egy

Key Results

[48] Cloud Workflow Makespan,
Energy, QoS

Enhances HEFT by
adding rule-based
task prioritization,
a weighted multi-
objective rank func-
tion, and improved
processor selection

EHEFT-R outperforms
HEFT, NSGA-II, and
QL-HEFT across multi-
ple performance metrics

[29] Cloud Workflow Execution
Time, Energy,
SLA viola-
tions

An EASM algorithm
based on an adaptive
GA is proposed to im-
prove task scheduling
by combining a prior
classification accord-
ing to deadlines.

EASM outperforms
Round-Robin and naive
GA in terms of timeli-
ness and efficiency.

[34] Fog/Cloud Bag-of-
Tasks

Cost, Meeting
of Deadlines

A CAG approach,
based on a cost-
sensitive GA, opti-
mizes task assignment
between Fog and
Cloud

CAG outperforms
Round Robin and min-
imum response time
algorithms.

[17] Fog/Cloud Bag-of-
Tasks

Execution
Time,

A hybrid PGA strategy
combines task prioriti-
zation and a genetic al-
gorithm

PGA outperforms other
bio-inspired algorithms,
including AMO and
Po2c.

[8] Fog/Cloud Workflow Makespan A proposed SQGA
algorithm based on
a quantum approach,
improves the effi-
ciency of conventional
genetic algorithms.

SQGA outperforms tra-
ditional GA and FCFS.

[36] Fog/Cloud Bag-of-
Tasks

Execution
Time, Re-
source Effec-
tiveness

A hybrid EPSO
method combining
PSO optimization
with proximal gradient
methods is proposed to
optimize scheduling.

EPSO outperforms the
GA and PSO algorithms
compared (TCaS, Ideal
PSO, Modified PSO).

[44] Fog Bag-of-
Tasks

Makespan,
Energy

A GA-PSO approach
combines the proper-
ties of genetic and par-
ticle swarm optimiza-
tion algorithms for hy-
brid optimization.

Hybrid algorithm outper-
forms its two basic com-
ponents, GA and PSO

[40] Manufacturing
System

Workflow Makespan A hybrid GA-PSO ap-
proach is proposed for
scheduling in manu-
facturing systems with
dynamic resources and
constrained sequences.

Hybrid algorithm outper-
forms basic GA and PSO
algorithms
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ing environments are based on metaheuristic algorithms,
notably genetic algorithms and particle swarm optimiza-
tion [7]. However, these methods have certain limita-
tions [31] [39] [30], such as a frequently long convergence
time, difficulty in balancing exploration and exploitation,
and an increased risk of convergence to a local optimum.
A recent metaheuristic algorithm called Grey Wolf Opti-

mizer (GWO) [31], is proposed as an alternative to address
these limitations, which imitates the hunting mechanism
and leadership hierarchy of Grey wolves in nature. This al-
gorithm established a special parameter that enables the bal-
ancing of exploration and exploitation. Benchmark results
show that the GWO algorithm performs better than the pop-
ular PSO algorithm [24], Differential Evolution (DE) [42],
Gravitational Search Algorithm (GSA) [37], etc. In [32],
the novel mGWO method, which is a modification of the
GWO algorithm, employs a new exponential decay func-
tion, to optimize the algorithm’s convergence while main-
taining a good balance between exploration and exploita-
tion.
According to this, we propose a new GWO-based so-

lution called SGWO, adapted to the context of schedul-
ing in fog and cloud computing environments. The aim is
to leverage the advantages of this algorithm and evaluate
its performance in comparison with the scheduling meth-
ods most widely used in this field. Moreover, the SGWO
algorithm considers dependencies between tasks, thereby
adding complexity to the scheduling process.

2 System architecture
The distributed paradigm known as Fog computing, orga-
nized as a hierarchical architecture, extends cloud comput-
ing capabilities to the edge of the network [21]. This type of
architecture, illustrated in Figure 1, demonstrates the over-
all architecture and decomposition of the scheduling sys-
tem. Figure 1 highlights the main components and the var-
ious interactions between them, providing a clear overview
of the system’s structure. Each part and its role are detailed
further in the following sections.
In the proposed architecture, the different components

are distributed over three main layers, which are fully con-
nected, with each layer having its own characteristics and
functionalities.
The first layer, the IoT layer, consists of a variety of IoT

devices from diverse applications, such as connected cars,
medical tools, and industrial sensors. These devices are
equipped with sensors and actuators to collect data from the
environment and perform pre-processing operations such as
filtering and aggregation. Although this layer has limited
resources and cannot meet the performance requirements of
IoT applications on its own, it operates within a Fog-Cloud
Computing architecture. The data collected by IoT devices
is sent as queries to the upper layer, known as the Fog layer,
for efficient processing.
In the proposed architecture, the second layer, the Fog

layer, located above the IoT layer, has more resources and
is responsible formanaging and executing requests from the
IoT layer locally and efficiently, to improve the execution
time and reduce the cost of IoT applications.
The Fog layer consists of a set of fog nodes spread over

the entire layer and a Fog broker. Fog nodes are physical
devices interconnected by the network and equipped with
computing, storage, and networking capabilities. They are
usually more efficient than IoT devices and their role is to
execute the different tasks of a workflow.
The Fog Broker serves as the main infrastructure node,

located in the fog layer, and is responsible for the control
and orchestration of all infrastructure operations. It is com-
prised of four primary components:

– Controller: This component is responsible for man-
aging communication between the system’s different
parts. It breaks down requests of IoT devices into in-
dividual tasks of the workflow, and then collects and
returns the results to the IoT devices. Additionally, it
initiates and coordinates the scheduling of these tasks.

– Resources Monitor: The role of this component is
to collect and monitor the status of various resources
available on the Fog-Cloud computing infrastructure,
such as fog nodes, cloud nodes, and their resources
(CPU, storage, memory, network bandwidth, etc.), as
well as to inform other system components of the sta-
tus of available resources.

– Scheduler: This component is primarily responsi-
ble for determining which infrastructure node (fog
node or cloud node) will execute each workflow task.
Scheduling decisions are made based on available re-
sources and an optimization algorithm designed to en-
hance application performance. This scheduler incor-
porates the SGWO algorithm, which effectively re-
duces both execution time and cost for the entire work-
flow. The output of the SGWO algorithm specifies
which tasks should run on which nodes within the in-
frastructure.

– Task Dispatcher: The role of this component is to
transmit and allocate the various workflow tasks to
the different nodes of the infrastructure, which are as-
signed by the scheduler component.

The various resources of this layer are more efficient
compared to the resources of the IoT layer, and the oper-
ational cost of most of these resources is free.
The third layer, the Cloud layer, offers powerful nodes

deployed in remote data centers, generally connected via a
WAN network. This layer provides extensive computation,
storage, and memory capabilities, enabling the analysis of
large amounts of data and the processing of complex tasks.
In this case, its role is to execute workflow tasks assigned
by the Scheduler component, knowing that the use of the
resources of this layer generates costs.
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Regarding the interaction between the various layers and
components of the system, IoT devices first collect data
through embedded sensors, then send it to the nearest fog
node, which will redirect this request to the Broker. When
the Broker receives the request, it calls on the Controller
sub-component, which subdivides the request into tasks
corresponding to a workflow, and then sends these gener-
ated tasks to the Scheduler for scheduling.
The Scheduler first consults the Resources Monitor sub-

component to receive information on the status of the re-
sources available in the infrastructure, then uses the pro-
posed SGWO scheduling algorithm to optimize the execu-
tion time and operating costs of the infrastructure resources.
At the end of this phase, we obtain a list of dependent tasks
assigned to the different nodes in the infrastructure, which
will be forwarded to the Task Dispatcher sub-component.
The Task Dispatcher will distribute the tasks to the appro-
priate nodes (Fog nodes or Cloud nodes) according to the
assignment list provided by the Scheduler. Once tasks are
running, the Task Dispatcher monitors their progress and
communicates with the Scheduler to update resource status
and ensure that tasks are executed efficiently.
After the various workflow tasks have been executed by

the infrastructure nodes, the results are forwarded to the
Controller sub-component, which returns the results to the
IoT devices.

3 Problem formulation
IoT devices send many requests to the fog layer. To pro-
cess these requests in an efficient manner, they are broken
down into tasks, to be performed by the Fog-Cloud infras-
tructure’s nodes. In this work, we focus on applications
whose workloads are structured as workflows, where tasks
have dependencies. We consider synthetic workflow types
which include common execution patterns such as sequen-
tial and parallel, applicable to many IoT application areas.
They are represented as a Directed Acyclic Graph or DAG,
as illustrated in Figure 2, with the notationG = (T,E) [4],
where the vertices T define the list of ordered tasks and the
edges E indicate the interdependence between the various
tasks. Every edge eij connecting two tasks has a weight w,
which represents the amount of data that must be transmit-
ted from the parent task Ti to the child task Tj .
All the notations used in the mathematical formulation of

the problem are summarized in Table 3.
We consider T the set of dependent tasks that constitute

the Workflow G, formulated by Equation 1:

T = {T1, T2, T3, ..., Tn} (1)

Where each task Ti has several properties, such as the
computational workload is indicated by the number of in-
structions for each task denoted by CW (Ti), the memory
size required for the task denoted by SM(Ti).
The set E ⊆ T ×T defines the precedence relationships

between the different tasks in theGworkflow, each element

Table 2: Summary of the mathematical notations used in
the problem formulation

Notation Description
Ti Task i
Nj Node j

CW (Ti) Computational workload of
task Ti

SM(Ti) Size of memory required by
task Ti

SO(Ti) Output data size of task Ti

SI(Ti) Input data size of task Ti

CPU_F(Nj) CPU operating frequency of node
Nj

MS(Nj) Memory size of node Nj

SC(Nj) Storage capacity of node Nj

TR(Lk) Data transfer rate of link Lk

ExT (Ti, Nj) Execution time of task Ti on node
Nj

SD(eij) Size of data transmitted through
edge eij

OS(Ti) Output file size generated by the
source task of edge eij

eij Communication edge from task Ti

to Tj

τi Indicates task Ti is assigned to node
Ni

TrT (eij) Data transmission time across edge
eij

Avail(Nj) Availability time of node Nj

pred(Ti) Predecessors of task Ti

ST (Ti) Start time of task Ti

FT (Ti) Finish time of task Ti

Ucp Processing cost per unit of time
Ccp(Ti, Nj) Monetary cost of computing task Ti

on node Nj

Umm Memory cost per data unit
MemSize(Ti, Nj) Size of memory used by task Ti on

node Nj

Cmm(Ti, Nj) Monetary cost of memory use by
task Ti on node Nj

StorSize(Ti, Nj) Size of data storage used by task Ti

on node Nj

Ust Storage cost per data unit
Cst(Ti, Nj) Monetary cost of using the data stor-

age for task Ti on node Nj

Ucm Data transfer cost per unit
Ccm(Ti, Nj) Monetary cost of data transfer for

task Ti

Cost(Ti, Nj) Total cost of executing task Ti on
node Nj

F Objective function
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Figure 1: Schematic of our system architecture and scheduling approach

Figure 2: Structure of a synthetic workflow model

eij = (ti, tj) ∈ E represents a dependency between two
tasks, meaning that task tj cannot start until task ti is fully
completed, this dependency may also involve data transfer
from source task ti to target task tj .

Each task is assigned to a node for execution, and once
completed, the node generates output data, including task
results and associated application data. This data is sub-
sequently transmitted to the next workflow tasks, with the
output data size being quantified by SO(Ti). Upon receipt
by the destination node, the transmitted data is allocated to
the relevant task, serving as input data for the current task,
and quantified by SI(Ti).

The broker’s Task Dispatcher sub-component distributes
the workflow-dependent tasks to the various nodes posi-
tioned within the Fog-Cloud infrastructure. The list of in-
frastructure nodes is denoted by the set N , where N =
{Ncloud ∪Nfog}, and N formulated as follows:

N = {N1, N2, N3, ..., Nm} (2)

Each infrastructure node Nj characterized by: a
CPU Operating Frequency CPU_F (Nj), the memory size
MS (Nj), the storage capacity SC (Nj).
The nodes are connected by a network, the connection

can be a local connection or a WAN connection, and each
connection link is characterized by a data transfer rate
TR(Lk).

3.1 Makespan model
The makespan is the workflow’s overall execution time. It
contains two parts: the total time taken for all workflow
tasks to complete and the total time taken for data to transfer
between tasks [49]. When a task Ti of the workflow is allo-
cated to a nodeNj (part of the Fog-Cloud infrastructure), it
will be executed byNj . The execution time,ExT (Ti, Nj),
is computed using Equation 3.

ExT (Ti, Nj) =
CW (Ti)

CPU_F (Nj)
(3)

It is necessary to communicate data across the various
tasks for the infrastructure’s nodes to fully execute the
workflow, which consequently results in a data transmis-
sion time denoted by TrT (eij). It is computed using Equa-
tion 4.

TrT (eij) =

{∑
k

SD(eij)
TR(Lk)

if τi ̸= τj
0 if τi = τj ,

(4)
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TrT (eij) represents the sum of the transmission times
between the different links Lk which connect the nodes al-
locating the source task Ti and the destination task Tj of the
workflow. Where eij indicates the edge between two suc-
cessive tasks Ti and Tj , SD(eij) represents the size of data
transmitted through an edge eij , and SD(eij) equal to the
size of the output file OS(Ti) generated by the source task
of the edge eij , TR(Lk) represents data transfer rate of an
k-link Lk that related between node source and node desti-
nation, τi indicates that task Ti has been assigned to node
Ni, same for τj . In case two related tasks are assigned to the
same node (τi = τj), the data transmission time TrT (eij)
is negligible.
In the next step, we determined the start timeST (Ti) and

the finish timeFT (Ti) values for each task in the workflow
to calculate the makespan of the workflow.
Firstly, to calculate the start timeST (Ti)we apply Equa-

tion 5.

ST (Ti) = max {Avail (Nj) ,max {FT (Tp) + TrT (eij)}}
, Tp ∈ pred(Ti)

(5)

WhereAvail (Nj) denotes the time of availability of the
node Nj , FT (Tp) denotes the finish time of a predecessor
task Tp, where task Ti includes Tp on its list of predecessors
denoted by pred(Ti).
Secondly, we calculate the finish time FT (Ti) using

Equation 6.

FT (Ti) = ST (Ti) + Ext (Ti, Nj) (6)

The makespan value of the workflow is computed using
the following equation.

Makespan = max {FT (Ti)} (7)

3.2 Cost model
During the execution of workflows by the Fog-Cloud in-
frastructure’s nodes, monetary costs are generated by the
use of the infrastructure resources, such as computation,
memory, storage, bandwidth, etc.
To calculate the cost of the resources used by a task Ti,

which is processed by a node Nj , we use Equation 8.

Cost(Ti, Nj) =


Ccp(Ti, Nj) + Cmm(Ti, Nj)
+Cst(Ti, Nj) + Ccm(Ti, Nj)

ifNj ∈ Ncloud

Ccm(Ti, Nj) ifNj ∈ Nfog

(8)

Ccp(Ti, Nj) represents the monetary cost of computing
the task Ti by node Nj , is calculated using Equation 9.

Ccp(Ti, Nj) = Ucp × ExT (Ti, Nj) (9)

Where Ucp represents the processing cost per unit of
time. Cmm(Ti, Nj) represents the monetary cost of using

memory of size MemSize(Ti, Nj) by a task Ti on node
Nj , and calculated using Equation 10.

Cmm(Ti, Nj) = Umm ×MemSize(Ti, Nj) (10)

Where Umm represents the memory cost per data unit.
Cst(Ti, Nj) represents the monetary cost of using the data
storage of size StorSize(Ti, Nj) by a task Ti on the node
Nj , and calculated by Equation 11.

Cst(Ti, Nj) = Ust × StorSize(Ti, Nj) (11)

Where Ust represents the storage cost per unit of data.
Ccm(Ti, Nj) represents the monetary cost of communica-
tion for the amount of data transferred between nodes and
is calculated by Equation 12.

Ccm(Ti, Nj) =


∑

Tp
(Ucm × SD(epi))

if τi ̸= τj
0 if τi = τj

,Tp ∈ pred(Ti)

(12)

Where Ucm represents data transfer cost per data unit,
and the cost is considered if two consecutive tasks are allo-
cated to different nodes (τi ̸= τj), otherwise, the commu-
nication cost is null.
The workflow’s total monetary cost is determined using

the Equation 13.

TotalCost =
∑

Cost(Ti, Nj) (13)

3.3 The objective function
To minimize the objective function, and optimize the trade-
off between makespan and the total cost of the workflow,
we provide Equation 14.

F = α×Makespan+ β × TotalCost (14)

Subject to:

1 ≤ τi ≤ m ,∀i ∈ {1, . . . , n} (15)

m∑
j=1

Activej ≤Mmax , Activej ∈ {0, 1} (16)

∑
i: τi=k

Ri ≤ Ck, ∀k ∈ {1, . . . ,m} (17)

Where α ∈ [0, 1] and β = 1 − α, represent balance
coefficients between the Makespan and the Total Cost.
Constraint 15 ensures that each Ti task is assigned to a

single node among the available m nodes. Constraint 16,
defined by the binary variable Activej ∈ {0, 1}, specifies
the activation state of the node j. The constraint Mmax

imposes an upper bound on the total number of nodes that
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can be activated, limiting their selection to a maximum
size subset of the m nodes available in the infrastructure.
Constraint 17, ensures that the total resource requirements
(RAM, storage, etc.) for the tasks Ti allocated to node K
do not exceed the available capacity of that node, denoted
CK .
Numerous scheduling approaches based on heuristics

and meta-heuristics algorithms such as HEFT, PSO and GA
have been proposed to solve this type of problem, in an en-
vironment combining cloud and fog computing. In this con-
text, this study aims to answer the following question. How
effective is the proposed algorithm SGWO in optimizing
workflow scheduling within a fog-cloud computing envi-
ronment, by minimizing both makespan and resource uti-
lization cost, compared to PSO, GA, SQGA, MHEFT and
FCFS algorithms?

4 Scheduling approach

We present a scheduling algorithm that uses Grey Wolf op-
timization GWO [31]. This approach is based on swarm
intelligence to imitate the natural hierarchy and hunting be-
haviors of gray wolves in nature, they typically live in a
pack of 5 to 12 individuals, in a rigid social hierarchy of
dominance, as shown in Figure 3.

Figure 3: Diagram illustrating the dominance hierarchy
structure in gray wolf packs

Figure 3 illustrates the hierarchical organization and lev-
els of social dominance within gray wolf packs. This repre-
sentation clearly shows the pyramidal structure of the social
relationships within these groups.
The fittest solution called the alpha (α), is considered as

the pack’s leader, which presents the most dominant mem-
ber. The second best solution called beta (β), is the infe-
rior Wolf which supports the alpha in making decisions.
The delta (δ) is ranked third best members, this category
of wolves has to submit to α and β members, and they con-
trol the omega wolves. The remaining members are cate-
gorized as omega (ω), ranked as the lowest in the pack, and
they must always yield to any other dominant wolf.

Group hunting is another significant social behavior in-
cluded in the social hierarchy [33]. It is composed of 3main
parts:

– Tracking, pursuing, and approaching towards the prey.

– Encircling and harassing the prey until it stopsmoving.

– Attacking the prey.

4.1 GWO algorithm mathematical model
The followingmathematical models 18 and 19, describe the
social behavior of gray wolves as they circle their prey dur-
ing the hunting phase.

D⃗ =
∣∣∣C⃗ · X⃗p (t)− X⃗ (t)

∣∣∣ (18)

X⃗(t+ 1) = X⃗p (t)− A⃗ · D⃗ (19)

Where the distance vector of the prey’s location is repre-
sented by D⃗, t denotes the current iteration, X⃗ indicates the
gray wolf’s position vector, and X⃗p indicates the position
vector of the prey.
Equations 20-21, calculate the coefficient vectors A⃗ and

C⃗.

A⃗ = 2a⃗ · r⃗1 − a⃗ (20)

C⃗ = 2r⃗2 (21)

Where the random vectors r1 and r2 value between [0, 1],
and the elements of a⃗ in the standard algorithm GWO [31]
throughout iterations, is linearly decreased from 2 to 0. In
this work, we use a modified grey wolf optimizer named
mGWO [32], which represents an improved version of the
GWO algorithm. This algorithm uses an exponential for-
mula for balancing between exploration and exploitation
and for the decay of a⃗ across iterations, where a⃗ is calcu-
lated using Equation 22.

a⃗ = 2

(
1− t2

T 2

)
(22)

Where the parameter t denotes the current iteration and
the parameterT denotes themaximumnumber of iterations.
In the hunting stage, the process is guided by α, β and

δ, where α presents the best candidate solution than other
wolves, and these three kind of agents have better aware-
ness of the potential location prey, the rest of the wolves in-
clude ω, updated their positions by the best research agent’s
position, this process is calculated using the formulas 23, 24
and 25 below.

D⃗α =
∣∣∣C1 ·Xα − X⃗

∣∣∣ ,
D⃗β =

∣∣∣C2 ·Xβ − X⃗
∣∣∣ ,

D⃗δ =
∣∣∣C3 ·Xδ − X⃗

∣∣∣ ,
(23)
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X⃗1 = X⃗α − A⃗1 · D⃗α,

X⃗2 = X⃗β − A⃗2 · D⃗β ,

X⃗3 = X⃗δ − A⃗3 · D⃗δ,

(24)

X⃗ (t+ 1) =
X⃗1 (t) + X⃗2 (t) + X⃗3 (t)

3
(25)

Gray wolves finish their hunting stage by attacking their
prey, according to the previous mathematical model, when
the value of a⃗ is reduced to approach the prey. The fluc-
tuation range of A⃗ is also reduced by a⃗, when the value of∣∣∣A⃗∣∣∣ < 1 the wolves are closer to the prey, at this stage the
wolves are forced to attack the prey.

4.2 The proposed scheduling algorithm
SGWO

To enhance the scheduling in fog and cloud computing
infrastructure, we proposed a new scheduling algorithm
based on GWO called SGWO algorithm. This algorithm
was adapted to improve the scheduling with the aim of re-
ducing the makespan and the cost.
The proposed scheduling algorithm SGWO, is an adapta-

tion of the standard GWO algorithm to address the schedul-
ing problem in the Fog/Cloud environment. An encoding
phase has been introduced to represent scheduling solu-
tions in the form of task allocations to various infrastruc-
ture nodes. Furthermore, the orginal formula used in the
standard GWO for calculating the control vector a⃗ has been
modified, and we adopt a dynamic strategy based on for-
mula 22 proposed in [32], with the aim of improving the
balance between exploration and exploitation throughout
the optimization process.

4.2.1 Encoding of the solution

Before using the GWO algorithm in scheduling, we must
first go through the encoding phase, which allows us to
present the GWO algorithm in a discrete representation as
shown in Figure 4.

T1 T2 T3 ……… Tn

N3 N8 N2 ……… Nj

Wolf

Position

Figure 4: Illustrative diagram of the encoding of gray wolf
positions in scheduling

Figure 4 shows the encoding of a gray wolf’s position in
the search space. This encoding is represented as a two-line
table: the first line indicates the workflow tasks, denoted
Ti, while the second line corresponds to the nodes, denoted
Nj , to which these tasks have been assigned.
This algorithm is based on the wolf’s position in rela-

tion to the prey’s position. In this case, wolf’s position rep-
resents the status of the workflow tasks allocation to the

various Fog-Cloud infrastructure nodes. Each time a wolf
moves in the search space, we obtain a new state of alloca-
tion, where this wolf movement is guided by the proposed
scheduling algorithm.

4.2.2 SGWO algorithm

We present the proposed scheduling algorithm SGWO on
Fog-Cloud computing infrastructure, as shown in Algo-
rithm 1.

Algorithm 1 SGWO for Fog-Cloud Computing.
1: t← 0
2: Initialize population()
3: Initialize parameters()
4: Allocate()
5: Evaluate fitness()
6: Get best agents()
7: while t < max_iterations do
8: for each agent do
9: Update position()
10: end for
11: Update parameters()
12: Allocate()
13: Evaluate fitness()
14: Get best agents()
15: t← t+ 1
16: end while
17: return best agent Xα

– In the first function ”Initialize population()”, we
initialize the population of gray wolves named by
search agents Xi where i = 1, 2, ..., n, by defining
their positions, we apply the encoding phase men-
tioned above, see Figure 4, to adapt the GWO based
algorithm to the nature of the scheduling problem.

– The second initialization function is
”Initialize parameters()”, which allows the
calculation of the initial parameters of the algorithm,
such as the parameter a⃗, the coefficient vectors A⃗ and
C⃗ mentioned by Equations 20 and 22.

– The “Allocate()” function, is introduced as a key
component in SGWO algorithm. It is responsible for
allocating the different workflow tasks to the specific
nodes of the infrastructure, according to the state of the
positions of the wolves or search agents, see Figure 4.

– The ”Evaluate fitness()” function, after allocating
the different tasks to the specific nodes according to
the state of the agent, we calculate for each search
agent the fitness function mentioned by the objective
function Equation 14.
In the new proposed SGWO version, the
”Evaluate fitness()” function has been adapted
to the scheduling context in order to evaluate the
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allocation of tasks to nodes. This evaluation takes
into account several goal related criteria, includ-
ing makespan, execution cost, and infrastructure
constraints.

– The ”Get best agents()” function, after calculating
the objective function for each agent, this function
sorts the results obtained and extracts and stores the
best results. The first best search agent is named Xα,
then the second is Xβ and the third best search agent
is Xδ .

– In the while-loop block, for each iteration, we repeat
the same treatment. We start by updating the position
of each agent using the function ”Update position()”,
which calculates the new position of the agent using
Equation 25. When we have the new positions, we
should apply the ”Update parameters()” function,
which uses Equations 20 and 21 to update the param-
eters A⃗, C⃗, and a⃗. In the next step (line 12), the
”Allocate()” function allows the different tasks of the
workflow to be reallocated to different nodes of the
infrastructure. The function ”Evaluate fitness()”
reevaluates the fitness functions for each gray wolf ac-
cording to the new values. In the last step of this block,
the new best search agentsXα ,Xβ andXδ are selected
by ”Get best agents()” function. Then we increase
the number of iterations.

– Finlay, our algorithm returns the value ofXα, the best
search agent, which presents the best solution found
by the SGWO scheduling algorithm.

Regarding the complexity of SGWO algorithm com-
pared to the standard GWO algorithm, the standard GWO
algorithm has a complexity of O(N ·D · T ) [46], whereN
represents the number of agents,D the problem dimension
and T the number of iterations. SGWO being based on the
standard GWO, is adapted to solve the scheduling problem,
each agent represents the complete state of the schedule,
and the Allocate() function directly assigns tasks to their
corresponding nodes, this operation is performed at each it-
eration for each agent and remains O(N ·M). Therefore,
the total complexity of SGWO remains O(N ·D · T ), with
a slight additional constant factor related to scheduling op-
erations, allowing the performance of the standard GWO
algorithm to be maintained without changing its computa-
tional complexity.

5 Experimentation and evaluation
In the following part, we want to evaluate and examine the
proposed scheduling algorithm SGWOand compare its per-
formance with other existing scheduling algorithms based
on: the PSO Algorithm [24], GA Algorithm [41], SQGA
Algorithm [8], MHEFT Algorithm and the classic First-
Come First-Served algorithm FCFS.

Given that the MHEFT algorithm is based on EHEFT-
R [48], and both are derived from the standard HEFT al-
gorithm, it uses the weighted sum function of EHEFT-R,
equivalent to the fitness function, to rank tasks in the first
phase.

5.1 Experiment settings

The experimentation is based on the simulation of the
scheduling of dependent tasks or workflow, deployed on
the various heterogeneous nodes of the fog and cloud com-
puting infrastructure. A static simulation environment is
considered, in which all available infrastructure resources
such as fog nodes, cloud nodes, and network connections,
remain unchanged and fully available throughout the sim-
ulation scenarios.
In this simulation, the performance of the proposed

scheduling algorithm SGWO, is evaluated against five
other algorithms: PSO, GA, SQGA, MHEFT, and FCFS.
Their performance is compared in terms of Makespan, To-
tal Cost, and Energy Consumption. The experiments were
carried out on a machine equipped with an Intel Core I3-
12100 processor and 16 GB RAM. All scheduling algo-
rithms (SGWO, PSO, GA, SQGA, MHEFT, FCFS) and as-
sociated simulations were developed in Java.
Initially, the parameters α and β of the fitness function

are defined. Then, the performance of the six algorithms
(SGWO, PSO, GA, SQGA, MHEFT, and FCFS) is eval-
uated, the utilization rate of cloud nodes in scheduling is
studied, the impact of topology on scheduling is analyzed,
and finally the energy consumption of the scheduling algo-
rithms is examined.
In these simulation scenarios, the infrastructure nodes are

heterogeneous. These nodes serve the purpose of handling
user requests, which have been segmented into individual
tasks. Furthermore, every task has the following charac-
teristics: the number of instructions measured in a million
(MI), and the size of the output and input data generated
during the task execution and transfer via the network mea-
sure by (MB). According to the experimentation model, the
use of cloud layer resources generates a paid cost, and the
cost is expressed in cloud cost symbol (C$), knowing that
the cost of processing per unit of time (CPU) measured by
C$/h, the cost of memory per unit of data (RAM), the cost
of storage per unit of data (Disk) and the data transfer cost
per data unit measured by C$/G, as well as in the fog layer
only external data transfer is paid [38].
In this simulation, we used synthetic workflows gener-

ated for the experiment, with the number of tasks varying
between 100 and 1000 tasks per workflow .In a simulation
scenario, the workflow tasks are deployed on the proposed
infrastructure, which is made up of 10 nodes of the fog layer
and 20 nodes of the cloud layer. Then the simulation pro-
cess is executed 100 times, in each scenario, to calculate
the mean value of the results. Table 5.1 summarizes the
different parameters used in the experiment.
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Table 3: Summary of experiment parameters
Entity Parameter Values

Cloud nodes CPU rate
RAM size
Data Transfer
Rate
Processing Cost
Memory Cost
Storage Cost
Data Transfer
Cost
Number Nodes
Active Power
Idle Power

[3000-4000] MIPS
[4000-16000] MB
1000 Mbps

0.4 C$/h
0.1 C$/GB
0.05 C$/GB
0.2 C$/GB

20
[400-500] W
100 W

Fog nodes CPU rate
RAM size
Data Transfer
Rate
Data Transfer
Cost
Number Nodes
Active Power
Idle Power

[1000-2000] MIPS
[500-2000] MB
[100-1000] Mbps

0.2 C$/GB

10
[10-30] W
3 W

Tasks Size
I/O file size

[100-1000] MI
[10-1000] MB

Workflow Number of
Tasks/Workflow

100, 250, 500,
1000

Algorithms SGWO number
of wolves
GA number of
chromosomes
SQGA Rotation
angle δ
PSO number of
particles

5

20

0.001π

10

5.2 Sensitivity analysis and parameter
calibration of the SGWO algorithm

In this section, we conduct a sensitivity study of the main
parameters of the SGWO algorithm to analyze their impact
on the performance of the scheduling algorithm. The aim
is to calibrate these parameters and as much as possible to
adapt them to the specificity of the scheduling problem.

– Defining the number of wolves: To determine the best
number of wolves, we set the workflow size to the
maximum value used in these experiments, which is
equal to 1000 tasks. Then the number of wolves per
pack is incrementally varied from 5 to 50 wolves. For
each configuration, the value of the objective function
is measured. The results are shown in Figure 5.
According to Figure 5, the proposed SGWO algorithm
achieves the best value of the fitness function when the
number of wolves per pack is equal to 5.

– Balance between exploration and exploitation: the
balance between exploration and exploitation is influ-
enced by the parameter a⃗, represented by a vector in
the SGWO algorithm> This parameter plays a key role
in the convergence of the algorithm. In the proposed
SGWO algorithm, Equation 22 is used to calculate the
value of a⃗. This equationwas proposed in themodified
version of the GWO algorithm, called mGWO [32].
The experimental results show that Equation 22 per-
forms better than the standard equation used to deter-
mine this parameter.

– Defining the number of iterations: Based on the re-
sults presented in the Section 6.6 on studying the con-
vergence of different scheduling algorithms (see Fig-
ure 11), we observe that SGWO algorithm converges
from the 50th iteration.

Figure 5: The impact of population size on the performance
of the SGWO algorithm

5.3 Determination of Alpha and Beta
parameter values

Before evaluating the proposed scheduling method and
comparing it to other existing methods, we must first study
and define α and β parameters’ values of the proposed
objective function defined in Equation 14. For this, we
performed a series of simulations on the proposed SGWO
scheduling algorithm by varying α and β parameters and
setting up the workflow tasks’ number at 1000. The results
obtained are shown in Figure 6.
The points in Figure 6 represent the distribution of solu-

tions where the fitness value is generated by the variation
of the parameters α and β of the objective function. The
variation in the color of the points represents the α value
used in the experiments.
From the results, we observe that, in the case where α is

close to 0, we observe that theMakespan value is close to its
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Figure 6: The effect of α and β parameters on the objective
function of the schedule

minimum value and the Total Cost is close to its maximum
value, is presented in Figure 6 by the solutions where the
fitness value is in purple. When we increase the value of
α the Makespan also increases, and the value of Total Cost
decreases, which is presented in the chart by the variation
of the fitness color from blue to green. Until the value of α
is close to 1, we observe that the value of Makespan is close
to its maximum value and the value of Total Cost is close
to its minimum value, presented in the chart by the yellow
fitness values.
This means that the values of Makespan and Total Cost

are in the trade-off, and are affected by the following equa-
tion: β = 1 − α, and we notice that the parameters α and
β play a balancing role between Makespan and Total Cost
in the proposed scheduling method. In the case where we
need a scheduling that reduces the Makespan, we choose a
reducedα value less than 0.5, and in the case where we need
a scheduling that generates reduced Total Cost, we choose
anα value greater than 0.5. For solutions balanced between
Total Cost and Makespan, the α value should be equal to
0.5, presented in Figure 6 as the midpoint solution between
the blue and green points.
After defining the roles of the parametersα and β to eval-

uate the proposed scheduling algorithm and to compare it
with other algorithms (Figure 6), we observe that when α
and β are both equal to 0.5, the objective function achieves
a balance between Total Cost and Makespan. This result
demonstrates that the proposed SGWO scheduling algo-
rithm is efficient in terms of both metrics.

6 Results and discussions

In order to evaluate the effectiveness of the proposed
SGWO scheduling algorithm, we performed a number of
evaluations based on performance criteria. These evalua-
tions determine the effectiveness of the proposed solution.

6.1 Evaluation of the makespan

In order to evaluate SGWO, and to compare its performance
in terms of Makespan to PSO, GA, SQGA, MHEFT and
FCFS, a series of simulations are carried out and the results
obtained are presented in Figure 7.

Figure 7: Comparison of the SGWO algorithm Makespan
with those of PSO, GA, SQGA, MHEFT and FCFS

Based on the results shown in Figure 7 for various simu-
lation cases, and after computing the average result values
across test cases, we observe that SGWO achieves a min-
imum Makespan value, view Equation 7. It outperforms
SQGA, GA, MHEFT, FCFS by 26.2%, 24.0%, 21.7%,
29.5%, respectively. However, PSO performs better than
SGWO in high-load scenarios, specifically when the num-
ber of tasks per workflow ranges from 500 to 1000.
The results obtained demonstrate that the SGWO

scheduling algorithm effectively reduces the Makespan of
the workflow, compared to SQGA, GA, MHEFT, FCFS
scheduling algorithms. It means that SGWO has selected,
properly, the distributed nodes in the fog and cloud infras-
tructure, so that it simultaneously ensures the reduction of
workflow task execution time and the data transmission
time.

6.2 Evaluation of the total cost

The workflow tasks execution time in the fog and cloud
infrastructure, generates a monetary cost by the use of the
resources of the infrastructure, see Equation 13. To evalu-
ate the performance of SGWO in terms of Total Cost, and
compare it to PSO, SQGA, GA, MHEFT and FCFS, we
conducted a series of simulations. The results are illustrated
in Figure 8.
According to Figure 8, SGWO achieves the minimum to-

tal cost. It outperformed PSO, SQGA, GA, MHEFT and
FCFS by 43.5%, 50.9%, 55.5%, 54.6%, 57.9%, respec-
tively.
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Figure 8: Comparison of the SGWO algorithm Total Cost
with those of PSO, GA, SQGA, MHEFT and FCFS

According to the results obtained, SGWO reduced the
Total Cost of using the resources of the infrastructure be-
cause it has been able to select the adequate nodes to exe-
cute the workflow tasks.

6.3 Evaluation of the fitness function
In this paper, wewant to optimize the proposed fitness func-
tion formulated by Equation 14, therefore, we must mini-
mize at the same time the workflow Makespan and the To-
tal Cost generated by the exploitation of the resources of the
fog and cloud layers. For this purpose, we run a series of
simulations of SGWO and the other algorithms mentioned
above, to compare their fitness functions. The results are
shown in Figure 6.3.

Figure 9: Comparison of the SGWO algorithm fitness func-
tion with those of PSO, GA, SQGA, MHEFT and FCFS

According to the results in Figure 6.3 we observe that

in different simulation cases, the SGWO surpasses PSO,
SQGA, GA, MHEFT and FCFS by 43.3%, 50.8%, 55.4%,
54.5% and 57.7%, respectively.
The results demonstrate that SGWO has successfully op-

timized the fitness function, by minimizing the Total Cost
and Makespan simultaneously and considering the coeffi-
cients α and β of the objective function. SGWO selects
the fog or cloud infrastructure node, to solve the trade-off
between Total Cost and Makespan. This selection allows
the allocation of workflow tasks to the different infrastruc-
ture nodes in a way to utilizes fewer paid resources of fog
and cloud infrastructure, which reduces the total execution
time.
The proposed SGWO scheduling algorithm is appropri-

ate for IoT applications that require a reduced response time
with a minimum resource exploitation cost.

6.4 Analysis of the statistical significance of
SGWO’s performance

To validate the effectiveness of the proposed scheduling
algorithm SGWO compared to the other algorithms PSO,
SQGA, MHEFT, FCFS, we performed a series of paired t-
tests on the fitness function results obtained by SGWO and
the other algorithms compared, through 100 independent
runs per algorithm, executing a workflow of 1000 tasks and
an infrastructure of 20 cloud nodes and 10 fog nodes. The
results obtained are summarized in Table 6.4.

Table 4: Results of paired t-tests between SGWO and other
algorithms

Comparison
vs

SGWO t-value p-value
Significant
difference

FCFS -475.24 4.61×10−168 Yes
MHEFT -424.17 3.54×10−163 Yes
GA -282.11 1.17×10−145 Yes
SQGA -358.33 6.26×10−156 Yes
PSO -167.82 2.25×10−123 Yes

According to the statistical results shown in Table 6.4,
SGWO significantly outperforms all other algorithms, with
p-values below 0.05, highlighting a high statistical signifi-
cance that rejects the null hypothesis of equal performance.
These test results demonstrate that the performance im-
provement introduced by the SGWO algorithm is not only
observed empirically but is also statistically significant.

6.5 Evaluation of the cloud layer nodes
usage

Cloud layer nodes are considered as powerful resources
compared to fog layer nodes [5], which helps applications
to perform their tasks in a reduced time, this high perfor-
mance provided, implies a high cost due to the use of paid
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cloud nodes [35]. To these effects, we have carried out a
series of simulations on SGWO and the other scheduling al-
gorithms PSO, SQGA, GA,MHEFT and FCFS, to compare
the rate of cloud nodes usage in their scheduling processes,
the results obtained are presented in Figure 10.

Figure 10: Comparison of the SGWO algorithm cloud node
usage with PSO, GA, SQGA, MHEFT and FCFS algo-
rithms

Based on the results shown in Figure 10, we observe
that in different simulation cases, SGWO uses fewer cloud
nodes in its scheduling process. It only used an average rate
of 52.6% of cloud nodes from all existing nodes in the in-
frastructure, see Equation 2, and outperformed SQGA, GA,
MHEFT, FCFS and PSO by 64.6%, 66.4%, 63.1%, 68.1%,
76.5%, respectively. Finally, we also observe that PSO uses
a high average rate of cloud layer nodes in its scheduling
process.
The obtained results demonstrate that the SGWO

scheduling algorithm is more efficient than PSO, SQGA,
GA, MHEFT and FCFS algorithms, because it uses fewer
cloud layer resources that are paid, which affects the To-
tal Cost, and implies that SGWO gave a minimum value
of Total Cost during scheduling (see Figure 8). For this
purpose, the reduced use of cloud nodes by SGWO does
not affect the Makespan during executing workflow tasks,
which gave a minimum value of Makespan compared to the
SQGA, GA, MHEFT, FCFS algorithms (see Figure 7), this
justifies that SGWO gave a better result in terms of fitness
function (see Figure 6.3).

6.6 Evaluation of the convergence of
scheduling algorithms

The convergence of an algorithm presents an essential fac-
tor for evaluating its performance; for this reason, we need
to conduct a simulation case study to examine the effective-
ness of the proposed SGWO with PSO, SQGA and GA al-
gorithms. In the simulation scenario, we have fixed the size

of the workflow to 1000 tasks for each evaluation, and we
increased the number of iterations executed by the schedul-
ing algorithms, to calculate the solutions given by the fit-
ness function 14, The results obtained are presented in the
form of graphs for each algorithm in Figure 11, where the
average of the measurements is displayed, accompanied by
error bars representing the standard error of the mean.

Figure 11: Convergence comparison of SGWO algorithm
with PSO, SQGA and GA algorithms

According to the results shown in Figure 11, we observe
that SGWO converged from iteration 30 with a better fit-
ness value, then PSO converged starting from iteration 150,
and finally, the SQGA and GA gave less efficient fitness
values. Notably, SQGA started to converge from iteration
150, while GA showed convergence from iteration 70.
The error bars show the variability of the results. For

SGWO, they are normal and relatively stable across all iter-
ations. PSO has the widest error bars, with significant vari-
ation depending on the iteration. SQGA has the smallest
error bars, indicating good stability. GA has normal error
bars, similar to those of SGWO.
Convergence simulations were not performed for the

FCFS and MHEFT algorithms, as these generate identical
results at each iteration due to their deterministic nature.
The obtained results demonstrate that SGWO is more ef-

ficient than PSO, SQGA and GA. It achieves a better fitness
value compared to the other algorithms in a reduced number
of iterations , while maintaining stable results. This perfor-
mance is due to the nature of the SGWO algorithm, which is
designed to properly balance between exploration and ex-
ploitation in its process [31], to discover a higher-quality
solution with a reduced time.

6.7 Study the impact of topology on
scheduling algorithms

As part of this study, we analyzed the impact of infras-
tructure topology variation on the performance of different
scheduling algorithms, SGWO, PSO, MHEFT, SQGA, and
FCFS. The study involved a series of simulations in three
distinct topological configurations: an infrastructure con-
sisting only of 10 fog nodes, an infrastructure consisting
exclusively of 20 cloud nodes, and finally a hybrid infras-
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tructure integrating all nodes, consisting of 10 fog nodes
and 20 cloud nodes.
It is important to note that fog nodes generally offer lower

performance than cloud nodes, in addition, a hybrid topol-
ogy involves resource heterogeneity and increased commu-
nication between different types of nodes. It should also be
noted that the cost of cloud resources is generally higher
than that of fog resources.
For each configuration, we measured the average value

of the fitness function obtained by the algorithms. The re-
sults of these measurements are presented in the graph in
Figure 12.

Figure 12: Impact of topology type on the performance of
algorithms SGWO, PSO, SQGA, GA, MHEFT, FCFS

The results obtained show that SGWO algorithm of-
fers the best performance in a heterogeneous infrastructure
combining fog and cloud nodes, this improvement is re-
flected in the fitness function, where SGWO outperforms
PSO, SQGA, GA, MHEFT and FCFS by 45.2%, 52.2%,
55.2%, 54.2% and 57.0% respectively. Even under cloud
topology, the performance of SGWO remains significant in
terms of fitness, although it is lower compared to the hetero-
geneous fog-cloud environment. It still achieves respective
improvements of 25.0%, 30.0%, 31.0%, 33.3%, and 34.0%
over PSO, SQGA, GA, MHEFT and FCFS. Finally, in the
fog-only topology, SGWO reaches its lowest performance
level compared to the other topologies. Nevertheless, it still
outperforms GA, MHEFT, and FCFS by 4,2%, 2,5%, and
23,5%, respectively, in most scenarios. An exception is ob-
served with the PSO and SQGA algorithms, which display
higher fitness values than the proposed SGWO in this case,
surpassing it by 61,6% and 7,8%, respectively.
MHEFT performs consistently across different topolo-

gies, demonstrating increased robustness to topology
changes. Furthermore, PSO stands out for its ability to pro-
vide the best fitness value in a topological configuration
comprising only fog nodes.
Based on the results obtained, it appears that SGWO al-

gorithm offers better performance in different topologies
studied. It seems particularly well suited to the heteroge-
neous nature of infrastructures, especially in hybrid envi-
ronments combining fog and cloud. This diversity of re-
sources and communication characteristics helps improve
the efficiency of the SGWOalgorithm by exploiting the het-
erogeneity present in the topology.

6.8 Analysis of energy consumption as a
function of topology

The following section presents an evaluation of energy
consumption resulting from various scheduling algorithms
studied under different topologies. A simulation scenario
was setup in which the workflow size was set at 1000 tasks
per workflow. The infrastructure topology was then var-
ied according to three configurations: fog nodes only, coud
nodes only, and a hybrid configuration that combined both
types of nodes.
For each configuration, we applied scheduling algo-

rithms: SGWO, PSO, SQGA, GA, MHEFT, FCFS, and
measured the average value of the fitness function obtained,
in relation to average energy consumption. The results of
these simulations are presented in Figure 13. The energy
consumption values (in Joules) are represented on a log-
arithmic scale to better visualize the differences between
algorithms across several orders of magnitude.

Figure 13: Comparison of energy consumption of algo-
rithms SGWO, PSO, SQGA, GA, MHEFT, FCFS, accord-
ing to topology (logarithmic Y-axis)

The experimental results indicate that the deterministic
algorithmsMHEFT and FCFS have lower energy consump-
tion, regardless of the topology used, and metaheuristic al-
gorithms PSO, SQGA and GA are outperformed by SGWO
algorithm.
The SGWO algorithm outperforms the PSO, SQGA, and

GA algorithms in all of the tested topologies. More specifi-
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cally, in the fog topology, it achieves gains of 89.9%, 80.5%
and 98.1%, respectively. In the cloud topology, the algo-
rithms PSO, SQGA, and GA are outperformed by 87.3%,
74.9%, 97.5%. Finally, in the hybrid topology, the differ-
ences reach 89.8%, 77.4% and 97.7% respectively. This
reduction is related to its better fitness value compared to
other metaheuristic algorithms, which has a positive impact
on several aspects of performance.
Furthermore, the reduced energy consumption of SGWO

compared to the studied metaheuristic algorithms is ex-
plained by the analysis of the number of cloud nodes used
during scheduling in a hybrid topology (see Figure 10) ,
which demonstrates that SGWO utilizes fewer cloud nodes,
thus avoiding the higher energy costs associated with these
resources.

7 Discussion and comparative
analysis

This section presents a comparative discussion between
the proposed algorithm SGWO and the reference algo-
rithms studied in this work, notably PSO, SQGA, GA,
MHEFT and FCFS. These algorithms fall into two fami-
lies: heuristics (SGWO, PSO, SQGA, GA) and metaheuris-
tics (MHEFT, FCFS). The analysis is based on key perfor-
mance metrics as well as results obtained through different
simulation scenarios, with the aim of evaluating the perfor-
mance of the proposed algorithmSGWO relative to existing
approaches.
When evaluating the fitness function, makespan, and to-

tal cost, it is observed that SGWO outperforms all other
algorithms studied, with the exception of one overload sce-
nario in which PSO achieves a better makespan. However,
this improvement does not impact the overall fitness func-
tion, which remains better optimized by the SGWO algo-
rithm. The results of the scalability tests (see Figure 6.3)
confirm that SGWO remains generally more efficient.
This performance is due, on the one hand, to the meta-

heuristic nature of SGWO, which allows it to avoid lo-
cal optima and converge towards a global solution, unlike
heuristic approaches, which show inferior performance. On
the other hand, SGWO outperforms other algorithms in the
same family by achieving the best balance between explo-
ration and exploitation, as shown in Figure 6.3. Further-
more, SGWO demonstrates more efficient resource man-
agement than PSO. As shown in Figure 10, PSO tends to
use more cloud nodes for scheduling , which are powerful
but also more costly than fog nodes. In contrast, SGWO
achieves a better balance between cost and makespan us-
ing fewer cloud nodes, resulting in a more balanced perfor-
mance, and lower fitness values than the other algorithms.
According to the convergence graph (see Figure 11), the

SGWO algorithm converges faster than the others, with
a low standard error, indicating good solution stability.
This rapid convergence reduces execution time, making
SGWO well suited for IoT applications requiring low la-

tency, such as video surveillance in smart cities, where tasks
(pre-processing, motion detection, face detection, archiv-
ing) must be efficiently scheduled on fog and cloud nodes.
SGWO thus enables fast execution at low cost. The same
advantage applies to smart healthcare applications, where
responsiveness is also essential.
Evaluation across different topologies (see Figure 12)

shows that SGWO adapts well to available resources, offer-
ing better fitness values due to its ability to exploit the diver-
sity of Fog-Cloud nodes. Although PSO performs slightly
better in a Fog-only topology, SGWO consistently proves
more efficient when a Cloud layer is required, especially to
run heavy tasks.
An analysis of energy consumption (see Figure 13)

shows, on the one hand, that heuristic algorithms consume
less energy than metaheuristics. On the other hand, SGWO
shows greater energy efficiency than other algorithms in its
category. This performance is due to its adaptive selection
of nodes according to their computational capacity, which
directly influences energy consumption. In fact, the most
powerful nodes often consume the most energy.
Nonetheless, SGWO presents a limitation regarding en-

ergy efficiency, as energy consumption is not explicitly
integrated into its optimization process. This limitation
should be addressed in future work, especially for battery-
powered IoT applications.

8 Conclusion
In this work, a newGreyWolf Optimization-based schedul-
ing algorithm (SGWO) has been proposed to efficiently
schedule workflow tasks in fog and cloud environments.
This scheduling approach enables the simultaneous min-
imization of Makespan and overall Cost of infrastructure
resource utilization.
Experiment results for various simulation cases indi-

cate that the proposed SGWO considerably outperforms
PSO, SQGA, GA,MHEFT and FCFS algorithms by 43.3%,
50.8%, 55.4%, 54.5% and 57.7% in terms of fitness func-
tion, respectively. This improvement is mainly due to the
nature-inspired algorithm GWO, which allows SGWO to
quickly converge to the optimal schedule while efficiently
allocating heterogeneous resources across both layers.
This means that SGWO efficiently allocates workflow

tasks to different nodes in the fog and cloud infrastructure,
ensuring a better balance in the trade-off betweenMakespan
and Total Cost. Consequently, SGWO reduces the usage
of paid-cloud layer resources without compromising the
Makespan, resulting in improved Makespan with a reduced
Total Cost.
The experimental results also show that the SGWO algo-

rithm converges quickly (around iteration 30) in the exper-
imental context. This performance can be attributed to the
effective balance between the exploration and exploitation
phases achieved by proposed algorithm, which allows it to
obtain a better fitness value in a heterogeneous and hybrid
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topology. SGWO outperforms PSO, SQGA, GA, MHEFT
and FCFS by 45.2%, 52.2%, 55.2%, 54.2% and 57.0%, re-
spectively. In addition, SGWO reduces energy consump-
tion compared with PSO, SQGA, and GA by 89.8%, 77.4%
and 97.7%, respectively. This performance is mainly due
to the lower use of cloud nodes (52.6%), which are known
for their high energy consumption. Although SGWO shows
lower energy consumption than competing algorithms , but
it is still far from optimal, highlighting the need to explicitly
integrate energy consumption into the optimization process,
particularly for energy-constrained IoT environments.
These performances obtained by SGWO enhance QoS-

aware IoT applications by reducing task execution time
while minimizing resource utilization costs.
For future work, the objective is to optimize additional

metrics such as energy, resource usage and delay, to further
improve the performance of IoT applications, meet the QoS
requirements of end users, and align the proposed schedul-
ing approach with other comparable infrastructure types. In
addition, we plan to compare the proposed solution with
machine learning-based scheduling methods, as well as to
extend the approach to multi-objective optimization, incor-
porating key metrics such as energy consumption and la-
tency, which are critical for IoT applications.
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