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Abstract

The (SPEA2) Strength Pareto Evolutionary Algorithm 2 is a capable technique for managing multi-objective
optimization problems. In loT-cloud systems, this is particularly true with regard to task scheduling. Task
scheduling and efficient resource allocation are necessary to improve performance and service quality as the
Internet of Things (IoT) grows. SPEA2, which is especially helpful for cloud computing frameworks, is
excellent at handling competing goals, such minimizing executing duration while increasing the usage of
resources. The capacity of SPEA2 to keep a large collection of solutions allows for the exploration of various
scheduling approaches in loT-cloud scenarios, where tasks generated by several devices need to be handled
effectively. In dynamic contexts where resource availability varies, this 10T-CS (loT-Cloud_Scheduling)
adaptability is essential. With SPEA2, researchers are able to create algorithms that enhance system
responsiveness and dependability overall while also optimizing task scheduling. The management of resource
distribution and task prioritizing difficulties is exemplified by the use of SPEA2 to scheduling problems in
loT-cloud infrastructures. Thus, by guaranteeing that computing resources are used efficiently while
respecting performance limitations, SPEA2 makes a substantial contribution to the development of intelligent
scheduling solutions that satisfy the changing requirements of 10T applications
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1. Introduction

Effective work scheduling is becoming increasingly important in cloud computing environments because of the
(1oT) volatile evolution. The immense amount of data generated by 10T devices presents additional issues for
cloud computing systems, since it needs to be properly handled and stored. The use of cloud computing and the
10T has raised the need for effective job scheduling algorithms that may optimize several goals, including cost,
energy usage, and completion time. loT-based cloud computing environments are dynamic and complicated,
making traditional scheduling methods unsuitable for handling them.

Researchers to address this challenge have investigated the use of evolutionary algorithms (EAS) to improve job
scheduling in Internet of Things (loT)-based cloud computing environments. The ability of EAs to generate a
range of adaptive scheduling solutions that can respond to environmental changes has shown promising outcomes.
Strength Pareto Evolutionary Algorithm 2 is one EA that demonstrates this (SPEA2). SPEA2 can efficiently
search the space and produce a collection of non-dominated scheduling results while concurrently optimizing for
multiple goals considering that it is a multi-objective evolutionary algorithm (MOEA). Adaptive scheduling
solutions that can adjust to shifts in user requirements, work priorities, and resource availability can be generated
via SPEAZ2 algorithm-based loT-based cloud computing systems.
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This study suggests a new model for SPEA2 algorithm-based scheduling of jobs optimization in an environment
of computing in the cloud based on the Universal Internet of Things (IoT). The framework's goal is to produce
flexible and varied scheduling options that can continue to operate at high levels of effectiveness and performance
even when the demands and surroundings change. By enabling continuous runtime optimization of task
scheduling, the suggested framework helps to design more dependable and effective loT-cloud systems. This
study can contribute to enhancing the overall robustness and performance of these systems by tackling the
difficulties associated with job scheduling in dynamic loT-based cloud computing environments [1] [2].

The term SPEA2_10T-CS refers as framework to optimize the 10T cloud-scheduling problem. However, a large
degree of unpredictability is often present in current SPEA2_10T-CS, which expands the search field for every
possible answer and makes the problem unsolvable. The precise search may not scale in runtime after this.
Assigning different weights to different objectives can be challenging for researchers in some circumstances,
while goal aggregation can be useful in others. This makes it more challenging for the whole set to maintain a
range of possibilities [3].

When appropriately constructed, those algorithms can solve difficult 10T scheduling problems in a reasonable
amount of time by providing approximate and nearly optimal solutions [4]. Additionally, it has been demonstrated
that stochastic search works well for a number of real-time systems [5-7]. A single-objective evolutionary
algorithm is frequently used to optimize loT_CS after reducing an issue with several objectives to an accumulated
single-objective problem [8].

In research [2, 4, 8], SPEA2 [9], a well-known multi-objective evolutionary algorithm (MOEA), has been used to
enhance 10T_CS without requiring weighted aggregation. In the tradeoff space, the researchers demonstrated that
MOEA could find congruent and different approaches as alternatives to optimization through objective aggregate.

The Internet of Things (10T) is growing at a pace that is unparalleled, which has led to a surge in the quantity of
data produced by devices that are connected. This has made effective processing and management strategies
necessary. With its scalable resources and services, cloud computing has become a key solution for meeting the
computational demands of Internet of Things applications. However, scheduling tasks and allocating resources
becomes extremely difficult in dynamic 10T systems because of varying workloads and resource availability. The
SPEAZ2 is an effective multi-objective optimization technique to address these problems. SPEA2 is made to
manage complicated optimization issues by preserving a variety of solutions that strike a balance between
conflicting goals, such maximizing resource usage and lowering execution time.

This feature is especially helpful in Internet of Things (1oT) cloud applications where jobs need to be properly
scheduled to fulfill strict performance requirements while optimizing resource consumption. Notable is the way
the SPEA2 algorithm behaves while tackling scheduling issues in loT-cloud setups. It increases the system's
overall responsiveness as well as the effectiveness with which tasks are completed. Through the utilization of
SPEAZ2, scholars and professionals can create resilient scheduling plans that adjust to the ever-changing demands
of Internet of Things workloads. This guarantees efficient resource distribution and preservation of service quality.
This introduction lays the groundwork for investigating SPEA2's applicability to 10T -cloud scheduling issues and
emphasizes how it may be used to maximize job management in settings that are getting more complicated and
resource-constrained [33].

The essay's remaining sections are structured this way: The section 2 displays the related works. The discussion
of certain cutting-edge works in this section serves as inspiration for our suggested methodology in section 3. Our
suggested SPEA2 algorithm Proposed Approach-SPEA2-10T-CS in section 4. Section 5 presents Experiments and
Results, Discussion. Section 6 brings the paper concludes by discussing possible future initiatives.

2. Related Works

Our proposed approach is inspired by the discussions of certain cutting-edge research presented in this section.
By maintaining copies on servers that are located far apart, RDM is a data privacy approach that minimizes the
destruction of data and ensures availability of data [11, 12]. In addition, the RDM network needs to ensure that
data that is distributed is neither lost nor corrupted while consuming the least amount of bandwidth possible. Real-
time reconfiguration of the RDM can handle unknowns like missing or interrupted messages and network link
problems. Along with operational costs that affect a regulating cost, each network link also has obviously great
efficiency, delays, and breakage frequency. The overall efficacy and reliability of the RDM are evaluated using
these metrics. If unanticipated issues arise, the RDM can modify its data mirroring techniques and network
topology. Because it is so powerful and flexible, the RDM application can be thought of as a SPEA2_10T-CS [13,
33].

[14] take a different approach, which asserts that improve quality while lowering execution complexity for 10T -
CS optimizing by encoding an issue into MOEA utilizing the elitist chromosomal representation. When there are
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few feasible alternatives, such a benefit is more inclined to be insignificant. Reliance-aware providers can
effectively direct the search, leading to more diverse and convergent alternatives and improved 10T-CS
optimization. However, dependency-aware operators may lose some of their effectiveness if they use it before
first making sure that the adaptation method of choice is balanced.

The Proteus technique is a requirement-based runtime testing management system. Proteus is a framework that is
specifically meant to carry out runtime operations related to testing, like online adaption and test execution.
Proteus offers two test adaptability layers—test suite adaptability together with test suite value parameter
adaptability—to accomplish this. Proteus framework is used to manage real-time assessment jobs, including the
development and execution of scenario testing and evaluation programs. In order to help achieve this, Proteus
eliminates two key jobs. The flexible job schedule for each 10T-CS setup is determined during design and is
associated with a particular operational situation. Numerous test suites are included in these adaptive test
programs. Every time a new loT-CS setup is run, Proteus then conducts an evaluation phase, which may consist
of several phases, each running a distinct test suite. A thorough explanation of each duty is then provided [15].

Our suggested method integrates the best features of evolutionary algorithms and 10T -CS. Particularly when using
the SPEA2 approach, researchers can perform 10T-CS optimization using MOEAs even if they lack significant
prior MOEA knowledge. In order to develop structured and understandable knowledge about the domain,
evolutionary computation researchers can use the automatic features models transformation into a MOEA context
to generate more creative findings in the 10T-CS field. Unlike the usual search-based software engineering
challenges, our full technique increases the inner framework of MOEA by dynamically and automatically
extracting 10T-CS domain knowledge. The forthcoming, SPEA2_l1oT-CS will be extended to handle more
conflicting goals and used in other 10T-CS domains.

3. SPEA2_10T-CS as the Proposed Approach

3.1 Optimizing 10T Cloud Scheduling Problem Using SPEA2_1oT-CS Methodology

SPEA2-I0T_CS  (Strength Pareto Evolutionary Algorithm 2 for Scheduling in 10T-Cloud Systems) is a
suggested method that makes use of the advantages of the SPEA2 algorithm to improve job scheduling efficiency
in loT-cloud systems. This approach tackles the challenges of managing the many IoT devices that produce tasks
and scheduling them while taking into account several goals, including meeting deadlines, saving execution time,
and optimizing resource consumption.

SPEA2_10T-CS's Working principal features are:

1. Multi-Objective Optimization: Utilizing SPEA2's multi-objective optimization capabilities, SPEA2_10T-CS
investigates a wide range of scheduling options. In order to ensure that no criterion is excessively favored at the
expense of others, this enables a balanced approach to conflicting objectives.

2. Dynamic Adaptability: SPEA2_10T-CS has mechanisms to adjust to the unpredictable characteristics of 10T-
cloud systems, whereby task demands and resource availability might change quickly. To maintain responsiveness
and peak performance in real-time applications, this flexibility is essential.

3. Allocation Efficiency: SPEA2_loT-CS maximizes the utilization of computing resources to increase the general
efficiency of the loT-cloud platform. Ensuring efficient resource utilization and minimizing waste is crucial,
especially in situations when tasks demand substantial processing power and storage capacity.

4. Cost and Deadline Awareness: The method incorporates cost and deadline awareness, which is essential in
cloud computing settings. SPEA2_1oT-CS makes sure that projects are not only finished effectively but also
within the allocated time and financial constraints by considering these factors.

5. Scalability: With the growing number of 10T devices and tasks, SPEA2_10T-CS is made to scale well. This
scalability guarantees that the scheduling algorithm will continue to function well as the system grows, meeting
the increasingly demanding needs of Internet of Things applications.

To sum up, task scheduling for IoT-cloud systems has advanced significantly with the use of the SPEA2_10T-CS
technique. This approach attempts to address the complex needs of contemporary loT applications while
improving overall system performance by fusing the sturdy features of the SPEA2 algorithm with an emphasis on
resource efficiency, dynamic adaptability, and multi-objective optimization.

A framework called SPEA2_10T-CS is proposed created especially for carrying out testing tasks. An architecture
called SPEA2_IoT-CS is used to manage real-time assessment operations, like modifying the setup of the IOT
environment. To assist with this strategy, SPEA2_10T-CS carries out two primary tasks. Multiple test suites
comprise the design-time adaptable test approach for each 10T-CS setup, and each 10T-CS setup is linked to a
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specific operational scenario. Second, SPEA2-10T-CS performs an evaluation phase, which may include several
iterations, each of which runs a distinct set of tests, whenever a new 10T-CS setup is run. All possible test suites
for a particular operating system or group of platforms and environment-related aspects are included in an adaptive
testing technique. For each 10T-CS setup, SPEA2 10T-CS generates an adaptive test strategy and multiple
intermediate, automatically generated test techniques in order to achieve this.

Let us use the 10T-CS framework to assess 0T setup as a flexible test strategy for a particular 10T-CS
configuration in response to a specific group of operating conditions. Two goals must be addressed in this
example: (1) the monetary value of tests and (2) the quantity of testing scenarios that require SPEA2 optimization.
Based on the 10T-CS setups that are valid and invalid.

Using the SPEA2_loT-CS technique, test suites are dynamically developed during runtime to provide optimum
test adaption. The SPEA2_loT-CS optimizer to dynamically look for combinations of 10T devices used a recursive
loop. In the framework of dual objectives optimization, the encrypted recurrent cycle constantly modifications the
10T-CS to improve efficiency due to the constantly evolving setting.

A suggested choice looks for non-dominated approaches using a most appropriate adaption option. Optimizing
does not mean taking into account the sequence in which a solution is implemented. In order to enforce the proper
order of execution, it is therefore expected that the proposed method will assess the interdependence of 10T
settings after identifying a viable and ideal solution. The evaluation process of objective functions rely on
SPEA2_10T-CS technique using defined parameter values.

If there are any issues with invalid test suites, the SPEA2_10T-CS infrastructure will reactivate the valid test cases
and reset the Internet of Things (loT) setup before beginning a new evaluation phase. In order to optimize for
several inefficient quality parameters, such as cost, timing of response, etc., the 10T-CS can modify characteristics
at real-time. 10T-CS is often designed to use search techniques and dynamically search for characteristic sets that
provide the best way to accomplish this goal.

Figure 1 depicts the SPEA2_loT-CS architecture, which is divided into two primary components: The setup
scenario that produces valid configurations is explained in the first section of the explanation. To adjust for a
number of inactive indicators of quality, including cost and response time, the second section is responsible for
an adaptive scenario that employs an evolutionary method and can modify characteristic sets at runtime.

SPEA2-10T_CS SPEA2-loT_CS
i i Optimizer

AsAppreac

Adaptable

Non Sequential
Operation Dynamic

Classic Feature Model
..A//‘;
wn
ConfiguSetup and
Sequential Operation

Figure 1. SPEA2_10T-CS Based Architecture

3.2. Conflicting Objectives and Dependent Designs in 10T-CS

Managing dependencies can be challenging, especially when the 10T-CS dataset includes a large number of
category associations, because the majority of common precise and probabilistic search approaches (such as
MOEA) are not designed to manage dependence requirements. Degradation in adaptation quality is possible if the
restrictions are not managed properly [12]. When a huge number of configurations are generated by modern loT-
CS, they often show significant unpredictability, which leads to an expansion of search space. 10T-CS, decisions
need to be taken often in order to simultaneously accomplish multiple competing quality objectives. According to
a number of current methods [9], it is generally possible to accurately evaluate the relative importance of
objectives as numerical weights, but this can be challenging in some circumstances [16]. Such characteristics
usually negatively affect the finding procedure and result in an unfavorable, low-quality outcome when they are
expressed and displayed wrongly. It is considerably more challenging to strike a reasonable balance between the
objectives. Our suggested method, which successfully integrates a certain characteristic type with a MOEA, is
driven by these problems.
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3.3. Evolutionary Algorithm SPEA2 to Optimize 10T-CS (loT Cloud Scheduling)

It can be difficult to identify specific 10T configurations and include them in the searching technique's description
in a complex 10T-CS with numerous settings and factors. Therefore, configuration encoding may have a good or
negative effect on a possible search algorithm's ability to search. This kind of description generates the necessary
space for searching for the problem that has to be looked at in order to enhance the 10T-CS while it is functioning.
Because it just encodes each attribute in binary form, prior study [16, 17] is unnecessary, even when various 10T-
CS design elements might represent a similar feature of variation [18] or none at all.

3.4.10T-CS Problem Description

Every time the Cloud-Fog computing system transmits queries from 10T-CS based Bag-of-Jobs (BoJ) apps to the
Fog layer for processing, it separates them into distinct, controllable jobs. The different job's characteristics
include the memory needed, the quantity of commands, and the overall size of both the input and the result files.
The process frequently gets a set of n different jobs, as explained in our earlier work, assuming that J. represents
the ¢ job.

I =UnJ2J3 0 Jn} 1)

The Cloud-Fog computing framework consists of distributed cloud networks and fog nodes, which are processors
that utilize identical CPU rate, CPU usage charge, memory consumption expense, and bandwidth utilization cost.
Cloud nodes are more costly to operate even if they frequently have more capacity than nodes embedded in fog.
These nodes are part of the technique's ¢ Cloud node and f Foggy nodes, as well which groups of n processors
are:

K(K = Kioua uKrog), It might be stated as

K ={K,K,, K3, ..., K, }, 2
where the i" process node is shown by Ki.
All Jobs J,.
The processor (J, € J.. jobs) is given K;(K; € Nodes), It is indicated as J.
Kijobs = /%, J3, . Ji} 3)
The problem of job scheduling in a Cloud-Fog computing framework might be described as collection search.
Nodejobs = {J{,J3,J5, - Jn} (4)

A node K; needs the following execution time (EXT) to complete all of the jobs allocated for a group of jobs: (The
time required for execution is supposed to be objectively -1).

Where ExeTime(J;)

= i ; i\ _ X Jkek;jobs length(Jc)
EXT(K;) = X J¢ € K; Jobs ExeTime(Ji) = AT 5)

The time that node K; processed Jg is expressed as ExeTime(JL), and it may be calculated using:

) . length(J&)
ExeTime(J}) = oo .

where length(J%) is how many instructions there are in job J,and CPUrate(K;) is the node K;; CPU
rate.

Numerous variables, such as clocks rates, unit measure, concurrency at the instruction/path level, and others,
influence this. The amount of time needed for the framework to complete each task, calculated from the moment
the request is received until the last job is completed or the final device is used, is known as Makespan.

Makespan is calculated using a formula.
Makespan = Max[EXT ((K;)] (7
1<is<m

The lower least Makespan should represent the Makespan limitation, or the shortest duration time that is required
for the framework to do all jobs. To find the Minimal Makespan, it will be assumed that every node completes its
assigned tasks at the same time.
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MinimalMakespan = EXT(K;) = -+ = EXT((K,)
Thus,

Y.1<sksnlength(J;)

MinimalMakespan = :
Y. 1<sisn CPUrate(K;)

(®)

In the Cloud-Fog system, processor, memory, and bandwidth expenses must be paid for each task that is finished.
The following is the estimated cost for node Ki processing job J(c):

Cost(J&) = cp(Jem(E) + cb(JE) 9)
The following is the calculation of each cost using Equation (5).
Based on the cost of computation: (Cost of Computation Objective) ------- 2)
cp(Jb) = c1 = ExeTime(J)) (10)

where ExeTime(JL) is defined by the equation, and c1 is the node's cost of CPU usage per time unit. K;
(6).
The memory usage cost is as follows, in which c2 represents the memory utilize cost for each data unit in node K;
and Mem(Jc) is the amount of memory required by job Ji:
cm(Jb) = c2 x Mem(J}) (11)

The node was in charge of the job Jk. The bandwidth needed by K; is equal to the sum of each of the input and
result file sizes, or Bw(Ji). Let c3 be the rate of bandwidth utilizes cost for each data device, which has the
following definition:

cb(J¢) = 3 * Bw(J§) (12)
The overall cost of completing each job, the following formula is used in the Cloud-Fog system:
TotalCost = ¥ icy,aerasks Cost(J}) (13)

The Cloud—Fog system determines MinTotalCost, the lowest cost necessary to complete a collection of jobs J,
when each work is allocated to the least expensive node. The details about each node can be used to quickly
determine the node executing job J. at the lowest possible rate, MinCost(Jc).

3.5. Using the SPEA2 Approach to Optimize the Goals

SPEAZ2 can concentrate its search approach by using a near-neighborhood estimation of density technique.
Everyone's power or influence over others is taken into consideration by SPEA2's fitness attribution approach,
and inversely as well [19]. To solve time and reliability problems during software project planning with better
Pareto fronts for successful outcomes, Gueorguiev et al. employed the multi-objective genetic algorithm (MOGA)
SPEAZ in their study [20].

The SPEAZ2 algorithm's pseudo code, which describes the population's fitness requirements for each individual,
is explained below.

Stepl. Set SPEA2 algorithm's pseudo code parameters includes: Population Size (Popn), Size(Sn) with Max.
Repetition (Max.r), Crossover% (Crossoverp), Mutation% (Mutationp).

Step2. Make Popn random individuals as Pop
Step3. For In=1to Popn
Compute objective roles for Pop (with Cost, Risk, and Job assignment balance)
End
Step4. For R=1to Max.r
i) For In=1to Size(Sn)
Sn an) Determines SPEA2 fitness values
End
ii) ForIn=1to Popn
Popn an) Determines SPEA2 fitness values
End
Replica non-dominated individuals of Population Size (Popn) to Size (Sn)
If the number of individuals size > Size (Sn)
Truncate the size considering truncation operator
Else If the number of individuals size <= Size (Sn)
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Fill Size with dominated individuals of Pop
iii) For ¢ =1 to Popnx Crossoverp
Choose two chromosomes using binary tournament selection
Do Crossover
Compute objective roles
End
iv) For m =1 to Popn x Mutationp
Choose two chromosomes using binary tournament selection
Do Mutation
Compute objective functions
End
Consider Crossover and Mutation as an individual as the Pop
End
Step 5. For n=1to Size(Sn)
If size(n) not feasible
Delete size (n)
End If
End

According to our suggested test, which has two primary goals (the cost and the timescale) that must be optimized,
Figure 2 shows the SPEA2 workflow method. A sizable, mobile 10T-CS is the first step in the suggested process.
Next, fitness functions are developed for the two objectives. The parameter values used by these functions to
measure fitness are covered in Section 4. The process continues until the greatest outcomes are obtained. The
procedure returns to the mating parameters and modification processes if the stop condition is not met. There,
these values are assigned to the fitness parameters, and the following stages produce outcomes in the same way.

Start

L

Sefting SPEA2 algorithm's
pseudo code parameters

v

Make Papy; random individuals as Pop

Compute Objective functions for Pop

:

| SPEA2 fitness values ‘
Environmental Selection Crossover and Mutate the
l Evolutionary for Fop
= Yes ;
Truncation Choose two ciromosomes using

Condition binary tournament selection

iNo

Truncate the size considering
fruncation operator

E— End

Figure 2. SPEA2 Workflow
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4. Results and Experiments

The elite chromosomal representation makes it easier to specify the desired result (fit) of the operation and the
input used for optimizing, as was stated earlier in the sections preceding this one. SPEA2_10T-CS operates with
arange of quantitative objectives for excellence, irrespective of how the true objective is formed, as the framework
itself does not assume how those goals are organized inside.

Without assuming anything about how those objectives are internally organized, SPEA2_|0T-CS is adaptable
enough to handle a variety of quantifiable quality criteria. The reason for this is that the framework itself is
indifferent to the way the real goal is carried out. SPEA2_10T-CS additionally allows for the consideration of
more than two goals. We only do this in this post for the sake of a clearer explanation, even though the fundamental
concept of multi-objective optimization applies to optimization with any number of objectives. The actual target
functions that SPEA2_1oT-CS uses can be constructed using a variety of modeling approaches from other studies,
provided that they align with the genes given by SPEA2_10T-CS (e.g., derived from machine learning algorithms
[18,21,22], analytical [23], and simulation-based [24]).

To prevent invalid offspring, the elicited gene sets and dependency networks are seamlessly included into the
mutation process during real-time when the results are mutated. The edge mutant operator, which is on which the
influence on each gene relies on its mutations percentage, is the foundation of our research in this work. The
optional values of a gene are randomly selected according to the frequency of variation. Due to its relevance to
optimization problems involving the selection of a value at random from an array of predefined values for an 10T-
CS characteristic type, the operator known as mutation was chosen for evaluation. This work is very relevant to
our proposed 10T-CS system optimization challenge. Additionally, it is a widely used operator. Because the
violation of dependency is avoided every time a gene is changed, SPEA2_loT-CS can be readily adjusted to
function with different controllers, which modify gene sequences similar to the change operators.

It is necessary to eliminate invalid offspring when transferring solution components, just like in the mutation
process. Using the integrated values structures and the acquired reliance connections, the crossing procedure in
the MOEA may do this. Our studies involve two distinct genes from separate families that share a chromosomal
position and may switch depending on crossover rates. The crossover strategy is the name given to this approach.
Such homogeneous crossing regulators have been chosen because they reduce the problem of gene status. By
reducing their sensitivity to the presence of highly dependent genes (characteristics) through order, this facilitates
the relaxation of other 10T-CS design limitations. As long as every single set of swapped genes is consistently
located at the identical spot in the encoded form, SPEA2_IoT-CS can be readily modified to function with a
different operator, which is including mutation or crossover. This is because switching two genes stops the
violation of dependencies.

In order to evaluate the SPEA2_10T-CS technique's effectiveness using its modifications and state-of-the-art
frameworks according to a number of criteria, we carried out extensive experiments utilizing the real functioning
feature model 10T-CS. Specifically, we select the Pareto ratio and 1000 population size for SPEA2 [25].

The proposed approach can be analyzed using SPEA2_1oT-CS, as demonstrated by the suggested methodology.
There are generally fewer workable solutions and a greater degree of complexity in the problem as a result of the
feature model 10T-CS being under more strain due to the abundance of constraints. By using a two-objective
optimization approach, the goal is to gradually reduce quality criteria.

Although SPEA2_10T-CS can help concentrate the search for more effective approaches, we think that selecting
a random adaptive solution from the remaining non-dominated choices has more benefits than avoiding the
investigation of faulty 10T settings, which may be quite imbalanced for the various objectives. In our experiments,
overhead costs along with quality factors either are set to standard values or have been tuned for the time of
execution performance.

The 10T-Cloud-Scheduling features are shown in Table 1.
Table 1: 10T-Cloud-Scheduling features.

Factor(s) Configuration for the foggy clouds
Cost of CPU utilize [0.2,0.3]
CPU efficiency [500,1500]

Cost of Memory Utilization | [0.02,0.03]
Cost of utilizing bandwidth [0.02,0.03]

Frequency of Nodes 10
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The loT-Cloud-Scheduling features have an obligation to satisfy all of the demands voiced by the users. Every
request generates a list of tasks that are then reviewed, and the amount of resources that are expected to be needed
for each task is calculated. The number of jobs that are part of the set may differ somewhat from one another
depending on the quantity of labor that each request requires. This led to the creation of 10 datasets for our
investigation, each having 40-500 operations.

Table 2: SPEA2-10T-CS Parameter sets

Factor(s) Figures
Rate of crossing 50%
Rate of Mutation 50%
Count of generation 1000
Size of the population 400

The ideal parameter/factor configuration for the suggested issue is displayed in Table 2. In the meantime, the
algorithm we propose for SPEA2-10T-CS Parameter sets is based on (EAS) evolutionary algorithms.

Table 3 displays the scheduled period and computing costs of the SPEA2-10T-CS algorithm. The two primary
factors that influenced the role of fitness were the entire time and the total cost. Consequently, the SPEA2-10T-
CS algorithm demonstrated efficiency with respect to of time as well as cost on almost all datasets.

Table 3: Time and Cost of Execution for SPEA2-10T-CS

Execution Time | Total Cost

Number of Jobs | SPEA2-10T-CS SPEA2-10T-CS
70 222.50* 835.58

100 395.55 1545.32

130 609.65 2565.47

170 822.67 3375.15

220 945.85 4035.35

260 1,285.95 4988.95

300 1,585.50 5288.65

Our proposed method outperformed the SPEA2-10T-CS algorithm scheduled with respect of time required for
execution. An overview of the particular problem characteristics for which particular MOEAs would be most
effective.

The Pareto Ratio Metric is an effective way to evaluate the performance of MOEAs. This is how it influences
outcomes and the reasons it is beneficial:

Impact on Outcomes

Analysis of Performance: the Pareto Ratio Metric measures the percentage of solutions that are near the actual
Pareto front. Better performance is denoted by a larger Pareto ratio, which suggests that the algorithm is
successfully approximating the ideal trade-off solutions. Convergence and Diversity: Two critical components of
multi-objective optimization are revealed by the metric: convergence, which measures how near the solutions are
to the genuine Pareto front, and diversity, which measures how effectively the solutions are distributed throughout
the front [26].

Algorithm Comparison: It enables researchers and practitioners to compare various MOEASs quantitatively in
order to determine which algorithm works best for a particular situation [27].

5. Beneficial for Description or Discussion

Clarity: The Pareto Ratio Metric makes it simpler to explain algorithm performance to stakeholders by providing
a succinct and straightforward description. Making Decisions: It facilitates decision-making by offering a simple
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metric to assess and choose the best algorithm for a given situation. Benchmarking: It ensures that achievements
are judged objectively by acting as a baseline for assessing new algorithms or enhancements to current ones.

A summary comparing the computational features of the previously addressed multi-objective evolutionary

algorithms (MOEAS) is given in Table 4.

Table 4: Summary of Multi-Objective Evolutionary Algorithms (MOEAS)

Algorithm Type Strengths Weaknesses Applications
\BEA Indicator- | Utilizes performance indicators; suitable |For tiny populations, it could | Massive optimization
based for challenges with many objectives. [ 28] be slow.

Effective non-dominated sorting with

Pareto-based strong diversity preservation. [29]

NSGA-II

Possibly difficult to solve
complex problems.

Optimization and
Engineering design

Uses strength ranking and strong

Pareto-based
convergence.

SPEA2

More computational
overhead.

Optimization with
multiple objectives.

The suggested methodology produced outcomes that uphold an equitable trade-off among all goals. This is
particularly interesting because SPEA2_1oT-CS focuses on scenarios in which the relative importance of 10T-CS
's conflicting goals is unclear and their measurement is excessively difficult. Figure 3. Reduces the quantity and
costs associated with scenario testing by offering options. These thoughtfully balanced answers, which show a
strong balance of approaches with respect to of two objectives, are probably found around the apparent curve. For
each specific goal, these extreme solutions—also known as Pareto front solutions—often provide the poorest
outcomes. Similar to searching for these possibilities in a non-dominated set, one can search for the appropriate
answer or solutions that have the maximum overall proximity from the collection's excessive possibilities.

Single Objective

]
a * o |/ Impossible
@ & . Donimated .
z o SOMmateC
= .
= -
= — .
= p-. T -
E / Pgreto Front Y
I-' Optimal Solution I'I
. Multidbjective |
. Non-Dominated -
. ~ _I.
) i -
In Sufficient ]
-
- Single Objective

i [,
Execution Time Minimize (Obj.1)

A

Figure 3. The Pareto Front Optimal Solutions (inimizing both are Default)

There exist Pareto optimal outcomes when the parameters for the constraint functions of objectives are modified.
The concept of Pareto front, which is sometimes referred to as the set of the best alternatives in the space of
objective operations, describes a group of solutions in multi-objective optimization problems (MOOPs) that
perform better than the alternative options in the search space but are not dominated with each other.
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Our approach involves using the SPEA2 method to select a distinct result from the MOEA results set. The feature-
guided MOEA vyields the final non-dominated set, which we see in Figure 4. With no reduction in generality,
SPEA2_l0T-CS can function with multiple MOEAs. We run SPEA2_loT-CS in this investigation using a single
MOEA.

Multi-objective optimization techniques' performance in evolutionary algorithms is assessed using the Pareto
Ratio Metric. Pareto Front: When none of the alternatives outperforms it for any given objective, the Pareto front
is said to represent the collection of non-dominated solutions. The programs are it is employed to assess several
multi-objective evolutionary algorithms (MOEASs) and identify the optimal strategy for a certain task [30]. It is
made easier to appreciate the method's ability to approach the Pareto front, which is the collection of trade-off-
optimal alternatives in an optimization issue with several objectives. The Pareto Ratio Metric determines the
percentage of alternatives that are near the real Pareto front. Improved algorithm performance is shown by a
greater Pareto ratio [31].

We used loT models to balance the experiment's goal functions by monitoring the IOT_CS data for 300 intervals
while subjecting it to a stochastic load. During the time of execution, the characteristics of sets are thereafter
modified continuously and progressively. We also added a number of categories and numerical connections to
the feature model. Using the Pareto Ratio Metric measure as a guide, we adjusted the variety level and throughput
of specific concrete services step at each iteration to simulate volatility and dynamism in time-varying
environmental conditions.

It raises the challenge of the task and decreases the number of feasible solutions. We may evaluate these competing
targets for the composition as a whole and decide which ones to optimize and which to eliminate.

6. Conclusion and Future Work

This article demonstrates the effectiveness associated with the SPEA2 algorithm handles the complicated multi-
objective optimization problems that arise in 10T cloud scheduling. The algorithm is especially well-suited to the
dynamic nature of 10T workloads in cloud environments because it can maintain a diverse Pareto front while
taking into account a number of conflicting objectives, such as resource utilization, energy consumption, reaction
time, and cost.

When compared to conventional scheduling methods, the experimental outcomes confirm that SPEA2's improved
fitness assignment scheme and environmental selection mechanism offer better results. Cloud service providers
can choose from a variety of ideal scheduling options depending on their unique needs and priorities thanks to the
algorithm's ability to effectively balance the trade-offs between various goals. In order to preserve solution variety
and avoid early convergence, it has been particularly beneficial to incorporate density estimation approaches and
fine-grained archiving algorithms.

Additionally, the suggested approach shows strong scalability traits, managing the growing complexity of 10T
workloads with little to no decline in performance needed. This scalability is essential for real-world cloud-based
applications where the number of 10T devices and service requests is increasing at an exponential rate. The
adaptive nature of the algorithm ensures consistent performance across all operational contexts by enabling it to
react efficiently to changes in workload behaviors and the availability of resources [32].

Yet, there are still chances for more study and advancement. Future research can examine adapting the approach
for edge computing scenarios, integrating machine-learning techniques for predictive scheduling, and hybridizing
with other meta-heuristic algorithms. Its practical usefulness could further be improved by integrating real-time
modification capabilities and examining the algorithm's performance under more varied workload behaviors [34-
36].

This study offers a solid, scalable, and effective solution to the 10T cloud scheduling issue, making a substantial
contribution to the field of cloud resource management. According to the research, cloud service providers looking
to maximize their resource allocation plans while preserving high quality of service standards for Internet of
Things applications may discover that SPEA2-based techniques are useful resources.
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