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ABSTRACT

Users may access virtual, scalable, and dynamic resources using cloud
computing, which is a novel technology that charges them only for the
resources they use. This technology is reliant on a network to function. Several
services, like as e-commerce apps, use the whole network as a result of the sheer
scope of the network . Cloud computing has progressed through three phases
in terms of practical development: distributed computing, parallel computing,
and grid computing. Cloud computing is a cutting-edge technology that instals
networks of computers, many of which are situated in faraway locations,
to conduct operations on massive amounts of data in real time. Cloud
computing makes use of a workflow model to describe various scientific and
web-based applications in the cloud. On the heterogeneous cloud environment,
one of the most difficult problems to solve is the scheduling of massive
workflows of jobs that adhere to scientific criteria. Other challenges are
unique to public cloud computing, such as security and privacy. For example,
customers must be happy with quality of service (QoS) metrics such as
scalability and dependability, as well as the requirement to maximise end-
user resource consumption rates, among other things. This study examines
scheduling algorithms that are based on the Water cycle optimization principle.
Specifically, it is intended to aid users in determining the most appropriate
quality of service consideration for big workflows in infrastructure as a service
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(IaaS) cloud applications and mapping tasks to available resources. In addition,
the scheduling methods are classified based on the variation of the WCA
algorithm that is used to implement them. For the purpose of comparing and
identifying the potency of the suggested system, the current round-robin (RR),
ALO, and PSO approaches have been selected. The results showed that the
suggested approach reduces the cost by 9.8 percent for GA-PSO, 10 percent
for PSO, 20 percent for ALO, 30 percent for RR, and 12 percent for GA
by using a combination of these techniques. The suggested solution decreases
load balancing and makespan by 8 percent compared to GA-PSO, 10 percent
compared to ALO, 20 percent compared to PSO, 35 percent compared to
RR, and 45 percent compared to GA. Furthermore, the performance of energy
consumption and reliability are both satisfactory.

1 INTRODUCTION

2 Workflow Scheduling

[Fig. 1 about here.]

[Fig. 2 about here.]

2.1 Scheduling Types and Objectives
Often, processes are classified into two types: straightforward and scientific

workflows. The diagram provides a simplified workflow’s DAG, which consists
of nine activities.

– Workflow

A workflow represents set of activities performed out in any setting to
accomplish a given goal. It is a collection of straightforward procedures for
resolving complex problems [19,22.23]. Such processes are sequential in nature
to optimize the execution-based performance and assure efficiency. Workflows
establish the procedures for configuring, performing, and tracking various
tasks. This can be represented mathematically as a Direct A cyclic Graph
(DAG) with edges and nodes (Figure 1(a)). W = (T, E), wherein T is a
collection of tasks t1, t2, . . . . . . , tn and E would be an edge (ta, tb) [27]. A
schedule is represented by the following:

Sched = (Res, map, CE, TE) (1)
Res = r1, r2. . . . . . , rn denotes the resources, map denotes the task-to-

resource mapping, TE denotes the total execution time (TET) and CE denotes
the overall execution cost [27].

– Scientific Workflow

This is used to assign assignments to relevant resources during scheduling
operations. Additionally, they are used to assess the efficacy of scheduling
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strategies in a variety of fields. The following are amongst the most frequently
used workflows, as depicted in Figure 1(b):

LIGO: This procedure is employed in Einstein’s theory of special relativity.
The Laser Interferometer Gravitational-wave Observatory (LIGO) aims to
spot gravitational waves generated by numerous objects in the universe.

(https://pegasus.isi.edu/workflow_gallery/).
MONTAGE: Utilize input images within Flexible Image Transport System

(FITS) format, this
creates unique sky mosaics. (https://pegasus.isi.edu/workflow_gallery/).
CYBERSHAKE: The South California Earthquake Center (SCEC) uses

the Cybershake workflow to characterise earthquake hazards and used the
Probabilistic Seismic Hazards Analysis (PSHA) methodology. (https://peg
asus.isi.edu/workflow_gallery/). GENOMICS: In Epigenome Centers, this
method is employed for histone data modification and DNA methylation.

(https://pegasus.isi.edu/workflow_gallery/).
SIPHIT: At Harvard University, this technique is employed in the au-

tomated untranslated searching for RNAs from bio informatics bacterial
databases schemes. (https://pegasus.isi.edu/workflow_gallery/).

– Scheduling schemes

Scheduling techniques are classified as follows in Table 1 [28,29,35,38]:

– Objectives for Scheduling

The following are some of the most typical goals for workflow scheduling
strategies:

1. Load Balancing: A scheduler must optimize resource utilization to
prevent cloud resources from becoming overburdened.

2. Deadline: A deadline is indeed a time constraint for completing a
workflow [32], and it is a key QoS need to enable it. Minimizing the make
span: A workflow’s make span is the time it takes for the last workflow job to
complete its execution [40].

3. Availability: Tasks are completed quicker and the execution is completed
swiftly when workflows are properly scheduled. This increases the cloud
resource’s availability.

4. Load Balancing: A scheduler must optimize resource utilization to
prevent cloud resources from becoming overburdened.

[Table 1 about here.]

5. Supporting Service Level Agreement (SLA): Frequently, the Service Level
Agreement (SLA) is a document that encapsulates the different concerns of
service users and suppliers. Among them are descriptions of the performance
criteria for QoS delivery [30].

6. Security: Certain cloud components and features may be abused by
attackers to conduct cloud-specific attacks. To limit the consequences of
security assaults, a secure scheduler providing a secure schedule.
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7. Reliability: The possibility that the task will be done effectively is known
as reliability. Techniques like backup/restart and active replications schemes
related to time and resource redundancy can be used in the schedule for this
purpose [36].

– Algorithms for scheduling workflows

Metaheuristic Workflow scheduling: Metaheuristic scheduling techniques
may use algorithms like [23,29,33] to construct optimal schedules.

1. Workflow scheduling based on PSO: PSO-based workflow scheduling
systems frequently generate a random swarm of particles at first, although
some systems attempt to generate an improved initial swarm. Furthermore,
some scheduling techniques rely just on the basic PSO algorithm, while
others enhance it [21].Workflow scheduling based on GA: While some GA-
based workflow scheduling methods use the fundamental GA algorithm,
others tweak it for better outcomes. Furthermore, the majority of them
generate a larger initial population in order to get superior outcomes [15].
Workflow scheduling based on SA: Simulated annealing is often a random
search approach for global optimization issues that can also deal with
local optima. It mimics the recrystallization of metals during the annealing
process [22]. Workflow scheduling based on ACO: Ant Colony Optimization
[5] is indeed an aspect of the design for Meta heuristic algorithms for
combinatorial optimization issues.

2. Heuristic Workflow Scheduling: Heuristic scheduling techniques may
use algorithms like to build optimal schedules [22,23]. Workflow scheduling
based on HEFT: It is mostly based on the earliest point in the execution
from available resources and ignores supplementary variables that impact
task execution time. The Priority Impact Scheduling Algorithm outlines
the significance of a process as a priority and the task weight mostly as task
weight. Scheduling Algorithm with a Deadline Constraint: Singh et al. [37]
present a score-based deadline constrained approach in [37] that decreases
the time of execution by the user-specified deadline at a tolerable cost.
Cost-optimized Hybrid Cloud Scheduling Algorithm: Bittencourt et al.
presented the HCOC scheduling algorithm in [39] to decrease the number of
schedules with a makespan longer than that of the deadline and to minimise
expenditures and makespan. Workflow Scheduling based on QoS: In [9],
the authors present a QoS-based Scheduling (QWS) method for scheduling
workflows dependent on user-defined QoS factors such as Reliability, Cost,
and Deadline. This approach takes into account two different kinds of
servers: compute servers and storage servers.

3 Load Balancing

Load balancing [10,18] in cloud technology provides possibly the best solutions
to a number of challenges that arise during the setup and use of cloud
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computing systems. This consists of two components: firstly, resource-based
sharing, and secondly, work scheduling inside a distributed context. During
task scheduling, it would be ensured that resources are available on demand,
that resources are utilized, that energy is saved, and that costs are minimized.
Simulation environments are required to determine the effectiveness of LB
algorithms. Cloud modelling is done with simulation tool and CloudSim
[18]. CloudSim allows datacenters and hosts to control VMs during the
Cloud life span. The CloudSim design has four benefits. These enable for
the configuration of the environment as well as the evaluation of the LB
algorithms’ effectiveness. CloudSim’s architecture is made up of Datacenters,
Hosts, VMs, and Applications. E nergy consumption and utilization of all IT-
related technology like storage, servers, and network switches in data centres,
as well as supplying IaaS to cloud users.

[Fig. 3 about here.]

Hosts represent physical servers that provide users with SaaS and have
memory and storage. Custom application servicing models can be deployed
using VM. Figure 3 shows an example of cloud environment with four basic
entities.

[Table 2 about here.]

[Table 3 about here.]

Numerous studies have been conducted recently on task scheduling and load
balancing in cloud environments. The following part discussed thorough sur-
vey reports in relation to related research papers. Nimra Malik et al. [1] discuss
energy usage and resource utilization efficiency in virtualized cloud data cen-
tres. The suggested method is task-based and utilizes thresholds to achieve
effective scheduling and resource use. The first phase pre-processes workflow
tasks to reduce bottlenecks by segregating tasks with higher dependencies and
longer execution times. The following step is to classify tasks according to
the resource intensities needed. The findings demonstrate that the suggested
algorithm outperforms the previous methods in terms of energy usage, load
balancing, and makespan. Haluk Rahmi Topcuoglu and Goshgar Ismayilov [2]
modify five well-known non-predictive dynamic multi-objective algorithms for
the same issue (DNSGA-II-A, -B, -HM, -RI, and DMOPSO algorithms). The
performance assessment of the NN-DNSGA-II algorithm on 5 different Pega-
sus workflows demonstrates its relevance to the dynamic workflow scheduling
challenge. Particularly, it surpasses non-prediction-based algorithms in the ma-
jority of test cases in terms of the three metrics used to evaluate DMOPs: the
proportion of Hypervolume, Schott’s spacing, and non-dominated solutions.
Yawen Wang et al. [3] suggest dynamically switching defence tactics during
workflow execution, that can mitigate the effects of network scanning and
change the workflow security challenge into an attack–defense game. Then,
by computing the Nash Equilibrium inside the attack–defense game model,
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the probability distribution of a optimal mixed defence strategies may be ob-
tained. Diverse virtual machines are provided for workflow execution depend-
ing on this probability. Additionally, a method for task-VM mapping based on
dynamic HEFT is described in order to accelerate defence strategy switching
and increase workflow productivity. Mazen Farid et al. [4] conduct a survey of
PSO-based scheduling algorithms. This document is intended to assist users
in determining the most appropriate QoS considerations for big workflows in
IaaS cloud-based applications and in assigning tasks to resources. Addition-
ally, the scheduling methods are classified conferring on the PSO variant used.
Soumitra Sasmal and Indrajit Pan [5] suggest combining two effective ways to
cloud service execution reliability. The first section discusses an ACO method
to dynamic resource scheduling, while the second section discusses how to
provide secure data auditing throughout dynamic resource allocation. Experi-
ments demonstrate an improvement in successful resource allocation, auditing
time, response time, and average utilization of servers with varying client vol-
umes across all available servers. R. Krishan and V. Kumar [6] intended to lay
the groundwork for developing a cost-effective SWFS method that meets the
criteria of upcoming workflow application areas. The researchers defined the
associated fills in as evidenced by the proposed classifications and established
a link between the cost-based optimization parameters and the advantage of
SWFS. Additionally, the researchers gave the most critical time and cost equa-
tions that are utilised to determine the general SWFS cost when considering
various cost elements. G. Kavitha and Shahbaz Afzal [7] provide an exhaustive
assessment of load balancing approaches. The merits and drawbacks of exist-
ing systems are discussed, as well as critical problems that must be addressed
in order to design future effective load balancing algorithms. Additionally, the
research offers novel insights into load-balancing computing. Sreenu and Sree-
latha [8] provide W-Scheduler, a task scheduling system depending upon the
multi-objective paradigm and the whale optimization method (WOA). The
multi-objective model begins by estimating the memory cost functions and
the CPU. Calculate the fitness value by multiplying the makespan by the bud-
get cost function. The suggested task scheduling method, when combined with
the whale optimization technique, is capable of optimally scheduling work to
virtual machines while minimising makepan and cost. Simranjeet Kaur et al.
[9] discuss future research difficulties with the goal of stimulating additional
study into workflow scheduling like an optimization task. Rakesh Kumar and
Pawan Kumar [10] provide a comprehensive overview of the concerns and
challenges connected with existent load-balancing strategies in order to as-
sist researchers in developing more effective algorithms. Shahin Ghasemi et
al. [11] suggested a new workflow scheduling approach based on the Cuckoo
Optimization Algorithm for cloud environments (COA). The suggested ap-
proach seeks to reduce transmission and processing costs while also achieving
an optimal load balance among processing resources. The proposed approach
is built in MATLAB and its performance is tested in comparison to the Cat
Swarm Optimization technique (CSO). The comparisons revealed that the sug-
gested algorithm outperforms CSO in terms of discovering optimal solutions.
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Muhammad Tahir and Muhammad Sardaraz [12] demonstrate how to schedule
scientific workflows in cloud settings using a hybrid approach. The algorithm
begins by generating task lists for the PSO algorithm. Bottleneck tasks are
prioritized to minimize execution time. The following phase utilizes the PSO
algorithm to schedule tasks in order to minimize both monetary cost and ex-
ecution time. Additionally, the algorithm analyzes the load balance to ensure
that cloud resources are utilized efficiently. Indrajeet Gupta et al. [13] offer a
load-balanced hybrid meta-heuristic technique for workflow scheduling in an
IaaS cloud. The suggested approach is a hybridization of the PSO and GA
algorithms. By avoiding the slower convergence rate of GA and the local opti-
mum problem in PSO, the algorithm takes full advantage of both approaches.
The suggested algorithm’s purpose is to map the workflow’s tasks to the VMs
in such a way that the overall workflow makespan is minimized while simul-
taneously balancing the allocated load across each VM. Henrique Yoshikazu
Shishido et al. [15] investigate the influence of both GA and PSO on work-
flow scheduling attempts. To test the metaheuristics’ performance, a cost-and
security-aware workflow scheduling algorithm was chosen. Three methods were
assessed in three existing workflows using a risk rate constraint of 0 to 1 with
a 0.1 step. The results reveal that GA-based algorithms outperformed PSOs
significantly in terms of response time and cost-effectiveness. Kanwalvir Singh
Dhindsa and Rupinder Kaur [16]. The objective of this initiative is to reduce
the total execution time and expense. The proposed methodology is found to
be more effective than existing methods. The Pareto distribution is used to
initialize the PSO. TET and TEC demonstrated the cost and time savings
associated with employing the GWO to converge the virtual machine decision.
As a result, the paper demonstrated that GWO outperforms the existing BAT
method.

The proposed methodology divided into three parts:

1. Making VM nodes cluster: In this step, create a group of fog nodes and
select the cluster head. The plant growth approach takes this decision. This
approach uses two parameters for optimization energy and resource cost.
If both parameters optimize, make a cluster and select cluster head. Plant
growth optimization use because of the need for less variance of the group
because cluster size variance increase .by default load unbalances.

2. Task initial mapping: After selecting optimize clusters and cluster head
parse, the workflow and map task on fog groups. After that, intra cluster
mapping decision by simulated annealing. Simulated annealing analysis of
all cluster node resources and energy and optimize can then exist and run
the computation and analysis parameters. Otherwise, go to the next step.

3. Optimize mapping among clusters: This step comes into the picture when
the previous step does not optimize. In the last step, not optimize cluster
mapping used in this step. In this step, use water cycle optimization. The
water cycle maximizes the energy and cost of resources between inter-
cluster.
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Mi =

{

1− f(xi)−fmin∑
N

J=1[f(xi)−fmin]
, f(xi) > fmin

1 , f(xi) = fmin

i = 1, 2, 3, ......., N (1)

In eq (1) Mi optimize threshold at ith iteration its depend on fog nodes
distance function its Euclidian distance minimum value of threshold maximum
chance on same cluster.

P = 1

(1+e
−

△(curli)

I )

(2)

In eq(2) P is the mapping task prediction of task mapping on fog cluster

its calculate by e−
△(Curli)

I current allocation resources, resources utilization
reduce then task mapping will increase because of prediction value increase.

Ci = f(xi
1, x

i
2, x

i
3 . . . . . . . . . . . . , x

i
n) i = 1, 2, 3 . . . ..Npop . . . . . . . . . ..(3)

In eq(3) Ci show the population of clusters on which task mapped.

NSn = round
{
∣

∣

∣

Cn∑
n

i=1 Ci

∣

∣

∣
∗Ncuster

}

n = 1, 2, 3 . . . ..Ncluster . . . . . . . . . ..(4)

In eq (4) optimize the task mapping on clusters of fog by WCA objec-
tive function which optimize cluster mapping by Nclusternumber of cluster
resources and

number of fog nodes in a cluster its normalize cluster fog nodes average
value

∑n

i=1 Ci

5.1 Proposed Algorithm
Algorithm: Proposed (PSW-Fog Clustering)
Input: Number of VM and resources define of cloud
Output: Optimize Load balancing on fog nodes
1. Fn ← VM
2. Ncluster ← Random Cluster of VM
3. PG = plant growth(Ncluster , Fn)
4. For 1 to Ncluster

5. Start
6. Apply eq(1) and Calculate Mi (Clustering
Threshold)
7. If (Clusterth > Mi)
8. Begin
9. Cluster ← Fn

10. Else
11. Clusteri+1 ← Fn

12. End
13. Stop
14. Sn = simulated annealing(Clusteri , Fn)
15.For 1 to Cluster
16. Start
17. Map task by eq(2)
18. Stop
19. If (optimize)
20. Begin
21. Analysis Task computing Parameters
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22. Else
a. Apply WCA(tasks, (Clusteri , Fn)
b. For every Cluster define population by eq(3)
c. Define Cost by Eq(4)
d. If
e. Begin
f. NSn < min (NSn)
g. Else
h. Go to Step(b)
i. End
23. End
24. Analysis Task computing Parameters
5.2 Parameters
1. Time Delay

Ti =
{

1− f(xi)−fmin∑
N

J=1[f(xi)−fmin]

}

+
{

αi(t) ∗ (Pi −
∑

Qi)× βcl
i

}

(5)

In eq (5) First part of latency depend on objective function of plant
growth optimization and second show the latency calculation by VMnodes
and cloud respectively but fog nodes cluster and temporary storage improve
the computation Pi and

∑

Qi show the resources and these are dependent on
two hyper parameters βcl

i and αi(t)

2. Cost
Ccos t

Pc = {clusteri.NSn(1− β) ∗ (αi(t) − αi(t−1))}+ Ccloud
cn (6)

In eq (5) analysis of computation task in Cloud. Computation depends
on different parameters NSn(1 − β)Nv is a virtual machine mapping with
task migration of cloud fog nodes and (αi(t) − αi(t−1))number of computation
resources available if this quantity increases then computation cost increase.
Ccloud

cn it also depend on resources of cloud.
3. Energy

E
fog
En = {∂ ∗

N
∑

Cfog
cn

i=1

+ (1− ∂) ∗
N

∑

Cfog
pc

i=1

}+ Ccloud
cn (7)

In eq (7) show the E
Fog
En Energy consumption which depend on two factors.

First is CFog
cn forwarding tasks and second is CFog

pc Computation tasks ∂

clustering threshold.

[Table 4 about here.]

COST ANALYSIS

– In fig 4 depict Sipht Cost Proposed approach reduce significantly compare
to existing approaches but in some number of fog nodes experiment
its overlapped previous approaches but average value improve to others
approach. Improvement reason is clustering of fog nodes which distributed
resources and reduce cost and other parameters.

– . In fig5 GENOME cost a both show significantly improve in all exper-
iments. Its reason optimization clustering of fog nodes and migration of
task between optimized cluster.
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[Fig. 4 about here.]

[Fig. 5 about here.]

Time Delay ANALYSIS

– In fig 6 depict Genome-time Proposed approach reduce significantly com-
pare to existing approaches but in one number of fog nodes experiment
its overlapped previous approaches but average value improve to others
approach. Improvement reason is clustering of fog nodes. Clustering of fog
nodes reduce the migration time intra cluster and distributed resources
time delays.

– In fig 7 depict Sipht time which clearly show reduction in proposed
approach. It improves mean value and same time every experiment improve
cost.

[Fig. 6 about here.]

[Fig. 7 about here.]

[Fig. 8 about here.]

[Fig. 9 about here.]
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4 Conclusion

Cloud computing is a new technology that gives the industry the ability to take
the benefits of virtual resources on a pay-per-use basis. Its scheduling process
involves mapping the tasks to the VMs to reduce the makespan and execution
cost. Scheduling also enhances resource availability and system scalability
for cloud providers thereby reducing the operational cost of data centres.
A popular “unorganized” optimization technique for low computational and
cost-effective applications suitable for workflow scheduling in cloud computing
is Particle Swarm Optimization. In this respect, this paper presented a clear
analysis of different WCA-based algorithms in cloud computing. This was done
in line with the objectives of solving workflow scheduling problems. We note
that future work should focus on scheduling workflows in a heterogeneous
cloud environment. Also, the dynamic request for hybrid resources should
be evaluated while considering different levels of reliability. Furthermore,
scheduling algorithms should also cater to the trust concerns of cloud users
who submit tasks for execution in the cloud.
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Fig. 1 A straightforward DAG workflow
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Fig. 2 Illustrations of five possibly the best scientific workflows from a variety
of study fields [12,19].
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Fig. 3 Four Elements in a Cloud Environment [18]
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Fig. 4 Sipht-COST Analysis



20 FIGURES

Fig. 5 Genome-COST Analysis



FIGURES 21

Fig. 6 Genome-Time Analysis
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Fig. 7 LIGO-Enegry Analysis
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Fig. 8 SIPHT-Energy Analysis
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Fig. 9 Genome- Enegry Analysis
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Table 1 Scheduling schemes

Types Description
System level It is concerned with resources planning inside cloud data

centres.
User level The scheduler resolves issues that arise during service

provision among cloud users and providers.
Centralized Scheduling A master processor unit collects jobs and distributes

them to subordinate processing units [29].
Distributed Scheduling Local schedulers are used to handle requests and main-

tain job statuses. This is less efficient than central
scheduling.

Static scheduling The tasks arrive concurrently, and the schedules of
resources available are modified after every task gets
scheduled. OLB i.e., Opportunistic Load Balancing rep-
resents an algorithm of scheduling that uses a static
scheduler.

Dynamic scheduling Wherein the task arrival data is unknown at runtime
[38]. The following are two algorithms: Least Laxity First
(LLF) and Earliest Deadline First (EDF).

Online scheduling Each work is planned only once, and the scheduling
outcome is irreversible. It is appropriate in situations
where the arrival rate is low [35] and is utilised in the
Switching and K-Percent Best (KPB) Algorithms.

Task-level scheduling It focuses on task-to-VM allocation optimization in local
cloud-based data centres, in which the entire cost of run-
ning of the workflow must be lowered while maintaining
QoS [17].

Service-level scheduling It is concerned with task-to-service mapping, in which
workflow tasks are classified according to their non-
functional and functional QoS constraints.

Offline scheduling While tasks are not immediately assigned to resources
upon entry, they are gathered and evaluated for assign-
ment at predetermined intervals. Batch mode heuristics
are used for offline scheduling [28]. Max-min and Min-
min are two algorithms that operate in the background.

Preemptive Scheduling It enables the interruption of individual tasks through-
out execution and the migration of tasks to some other
resource [34].

Non Preemptive Scheduling: Only whenever a task is completed, its resource be
removed.
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Table 2 Task scheduling and Resource Allocation in load balancing

Task Sub
category

Resolved
Issues

Customer
Oriented

Provider
Oriented

Resource
Allocation

At Host level
At VM level

Minimalize
Makespan
Guarantee
Availability
Effectual
Utilization

Yes Yes

Task
Schedul-
ing

Time-Sharing
Space-Sharing

Minimalize
overall re-
sponse time

Yes No
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Table 3 Load Balancing in a Cloud-Based Environment

Algorithm Information
Base

Concerns to be

resolved

Usage Limitation

Static Prior knowledge
of each node’s
statistics and
user needs is
necessary.

Makespan,
Scalability
Resource uti-
lization
Response time

Performance/
Throughput
Energy Uti-
lization and
Power con-
sumption

Utilized in
an environ-
ment that is
homogeneous.

Not scalable
Not Flexible
Is incom-
patible with
dynamic user
requirements
and load.

Dynamic Each node’s
run time data
are analysed in
order to adjust
to shifting load
requirements.

Transferring
a task remote
computer.
Load estima-
tion
Limiting mi-
gration.
Gathering of
Information
Throughput

Utilized in
an environ-
ment that is
heterogeneous.

Time Consum-
ing
Complex

Centralized A single server or
node is account-
able for keeping
and periodically
updating the net-
work’s statistics.

Throughput
Threshold
policies
Failure Inten-
sity
Associated
Overhead
Communication
between the
network’s cen-
tral server and
the processors.

Appropriate
for small net-
works having
low load.

Central
decision-
making node is
overburdened
Not fault
tolerant

Distributed All load bal-
ancing processors
mostly in network
maintain their
individual local
database in order
to ensure effec-
tive balancing
judgments.

Migration time

Throughput
Fault tolerance

Criteria for
information
exchange
Interprocessor
communica-
tion
Processor se-
lection for load
balancing.

Useful in situ-
ations with a
high degree of
heterogeneity.

Communication
overhead.
Algorithm
complexity

Hierarchical Nodes at various
levels of the
hierarchy con-
nect with nodes
beneath them
in order to ob-
tain data about
the network’s
functioning.

Threshold
policies
Performance
Failure inten-
sity
Migration time

Placement of
nodes at var-
ious network
levels
Information
exchange
criteria

Useful in net-
works of large
or medium
scale with a
varied environ-
ment.

Complex
Less tolerant
to errors
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Table 4 Experimental Parameters

Experiments Parameters Value/Name
Simulator Cloud Sim and Ifogsim
Dataset Workflows (LIGO, SIPHT, GENOME,

Cybershake)
Data center For some journals, deposition of the data

on which the conclusions of the
manuscript rely is an absolute
requirement. Please check the Criteria
section for this article type (located at the
top of this page) for journal specific
policies.

For all journals, authors must include an
“Availability of data and materials”
section in their article detailing where the
data supporting their findings can be
found. If you do not wish to share your
data, please state that data will not be
shared, and state the reason.

10 to 200

For research articles this section should
discuss the implications of the findings in
context of existing research and highlight
limitations of the study. For methodology
manuscripts this section should include a
discussion of any practical or operational
issues involved in performing the study
and any issues not covered in other
sections.

All sources of funding for the research
reported should be declared. The role of
the funding body in the design of the
studyand collection, analysis, and
interpretation of data and in writing the
manuscript should be declared.

The Introduction section should explain
the background to the study, its aims, a
summary of the existing literature and
why this study was necessary.

Three to ten keywords representing the
main content of the article.

If abbreviations are used in the text they
should be defined in the text at first use,
and a list of abbreviations shouldbe
provided.

The methods section should include:

This should include the findings of the
study including, if appropriate, results of
statistical analysis which must be
included either in the text or as tables
and figures.

Title page text...
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