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ABSTRACT

The rapid proliferation of 5G networks has led to increased demand for efficient re-

source allocation at the edge cloud to support latency-sensitive and compute-intensive

applications. This thesis presents an optimal resource allocation framework for 5G

edge cloud environments, leveraging a closed-loop architecture that integrates demand

prediction, intelligent scheduling, and load balancing. The proposed framework em-

ploys machine learning-based traffic prediction models, such as Prophet, to forecast

real-time demand and optimize resource provisioning dynamically. The framework

consists of key components, including a central cloud resource orchestrator, edge cloud

nodes, a traffic prediction module, and a resource orchestrator for cluster-wide task

scheduling and load balancing. A feedback mechanism ensures continuous updates

on resource utilization, enabling adaptive scaling and efficient workload distribution.

Additionally, an optimization engine is incorporated to balance energy efficiency and

privacy constraints while maintaining service quality. This research is implemented

and evaluated using CloudSim Plus, a simulation framework for cloud computing en-

vironments and NS3, a discrete-event network simulator for internet systems. The

effectiveness of the proposed approach is assessed based on metrics such as resource

utilization, energy consumption, and service latency. Experimental results demon-

strate that the closed-loop framework enhances the adaptability of 5G edge clouds,

reducing underutilization and overprovisioning while improving overall system effi-

ciency. The findings of this study contribute to the advancement of intelligent resource

management in 5G edge computing, paving the way for scalable and autonomous

cloud-native network operations. Future work may explore the integration of rein-

forcement learning-based optimization techniques to further enhance decision-making

in dynamic edge cloud environments.

Keywords: Edge cloud, Resource orchestration, Complex resource optimization
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CHAPTER 1

INTRODUCTION

1.1 Background of the Study

The emerging 5G technology has revolutionized wireless communication. It is setting a

new era in network connectivity through ultra reliable, low latency, and high speed data

transmission. As industries integrate technologies such as augmented reality (AR), au-

tonomous systems, and the Internet of Things (IoT), the demand for the real time data

processing and low latency communication have increased exponentially (Zhang et al.,

2020). Traditional centralized cloud computing or data center architectures struggle a

lot to meet the demands, promote a shift towards edge cloud computing.

1.1.1 The Role of 5G in Modern Networking

The 5G technology represents a significant evolution from its original architecture by

incorporating advanced features such as enhanced mobile broadband (eMBB), ultra

reliable low latency communication (URLLC), and massive machine type communi-

cation (mMTC) (Ahmed et al., 2022). These features enable 5G networks to support

diversified applications, including real time analytics, industrial IoT, and autonomous

vehicles etc. However, as the number of connected devices increases, the need for the

efficient resource allocation mechanisms is crucial to meet the dynamic demands.

1.1.2 Edge Cloud Computing: A new era of computing

Edge computing concept decentralizes the computational power by placing the re-

sources closer to end users while addressing the latency and bandwidth requiremnts

of traditional cloud computing (Wang et al., 2021). This approach integrates edge

devices, edge nodes, and the centralized cloud servers for creating a distributed com-

puting architecture.Edge computing reduces the load on centralized data centers and

enhances the responsiveness of latency sensitive applications by processing data lo-

cally (Chen et al., 2021).

For example, real time applications such as AR and industrial automation get the ben-

efits significantly since the proximity of computational resources in edge networks.

The above applications demand not only low latency communication but also real time

task scheduling and resource optimization to make sure seamless operations (Nguyen

et al., 2021). The decentralization nature provided by the edge cloud computing plays

a prominent role in meeting these strict demands. It is a cornerstone of modern 5G

networks.
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1.1.3 Demand Aware Resource Allocation

Demand aware resource allocation is becoming as a critical strategy to optimizing the

performance of 5G edge cloud networks. Unlike traditional methods which are rely

on static allocation policies, demand aware frameworks adjust resource allocation dy-

namically based on real time traffic patterns, user demands, and application priorities

(Rahman et al., 2023). This approach ensures that resources are utilized more effi-

ciently meanwhile maintain the high levels of QoS.

As an example, machine learning based traffic prediction models can forecast the user

demands and allocate resources proactively. In addition, it reduces the bottlenecks and

improving system efficiency. Similarly, the privacy aware routing protocols can im-

prove the data security while ensuring efficient resource utilization (Zhou et al., 2022).

By combining such advanced routing techniques, demand aware resource allocation

frameworks address the diversified challenges of 5G edge cloud computing.

1.1.4 Significance of the Study

The integration of demand aware resource allocation frameworks into 5G edge cloud

networks has significant contributions for various industries. For example, in health-

care, real time monitoring of patient data requires low latency communication and

secure data transmission. The above demand can be achieved through optimized re-

source allocation techniques (Liu et al., 2020). In industrial IoT, effective resource

allocation improves operational efficiency and reduce energy consumption and con-

tributing to the sustainable development goals.

Apart from that, as the adoption of 5G technology accelerates the importance of scal-

able and efficient resource allocation frameworks becomes even more critical evi-

dently. Addressing the challenges of demand aware resource allocation is essential

not only for improving system performance but also for ensuring the long term sus-

tainability of 5G-enabled edge cloud system (Ahmed et al., 2022).

1.1.5 Research Context

This study tries to build on existing research in 5G edge cloud computing by focusing

on the development of a demand aware resource allocation framework by integrating

the advanced algorithms such as genetic algorithms and branch and bound techniques.

The proposed framework targets to optimize the resource utilization, reduce latency,

and improved QoS. The findings of this research will contribute to the growing body

of knowledge on 5G edge cloud computing. Further, it provides actionable insights for

industry practitioners and researchers.
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1.2 Problem Statement

The rapid development and deployment of 5G networks have introduced tremendous

opportunities in the telecommunications industry, including ultra reliable low latency

communications (URLLC), enhanced mobile broadband (eMBB), as well as mas-

sive machine type communications (mMTC). However, these advancements have also

bring in severe complex challenges, particularly in the area of resource allocation

in edge the cloud environment. The dynamic and heterogeneous nature of user de-

mands,patterns, coupled with the diverse application specific requirements which cre-

ate significant bottlenecks in maintaining optimal performance of the system (Zhou,

Li, Yang, 2022).

1.2.1 Challenges of Resource Allocation in 5G Edge Clouds

Resource allocation in 5G edge cloud networks is fundamentally different from tra-

ditional centralized cloud environments due to the decentralization of computational

resources. Edge nodes, which are geographically distributed, face dynamic workloads

influenced by real-time traffic variations, application requirements, and network con-

ditions. Existing resource allocation strategies often employ static or semi-dynamic

frameworks, which fail to adapt to these real-time changes, resulting in resource un-

derutilization, increased latency, and degraded Quality of Service (QoS) (Chen, Zhang,

Huang, 2021).

Moreover, as the number of connected devices continues to grow exponentially over

the last decade, edge networks are under constant severe pressure to provide scalable

and efficient solutions. The lack of adaptability in traditional resource allocation meth-

ods lead the above phenomena since they are unable to respond to sudden spikes in de-

mand or even varying application requirements. This creates inefficiencies in resource

utilization and impact the user experience directly as well as the operational efficiency

of edge networks (Kumar, Gupta, Rahman, 2022).

1.2.2 Energy Efficiency and Privacy Concerns

Energy efficiency is one of the most critical issues in resource allocation within 5G

edge clouds. As edge devices and nodes operate under strict power constraint envi-

ronments, ensuring the optimal energy utilization rather compromising service quality.

It becomes a significant challenge in the 5G edge Eco system. Existing frameworks

often overlook energy consumption during resource allocation which leads to higher

operational costs and reduced sustainability (Ahmed, Khan, Wang, 2022).

In addition, the integration of diversified applications such as real time healthcare

3



monitoring, autonomous vehicles, and smart city infrastructure require resilient data

privacy mechanisms. However, existing resource allocation strategies lacking behind

comprehensive solutions to ensure the privacy concerns, expose users to potential se-

curity vulnerabilities. This gap highlights openly the need for privacy aware resource

allocation frameworks that can secure sensitive data while maintaining performance

efficiency (Nguyen, Rahman, Li, 2021).

1.2.3 Dynamic and Demand Aware Frameworks

Demand aware resource allocation has emerged as a potential and unavoidable solution

to the challenges faced by 5G edge cloud environments. This approach tries adjust the

resource allocation dynamically based on real time traffic patterns, user demands, and

application requirements. Despite its potential, current demand aware frameworks are

often constrained by limited computational efficiency and scalability and particularly

in large scale 5G network deployments (Huang, Liu, Zhao, 2023).

Existing studies try to highlight the limitations of conventional algorithms, such as

first come first serve(FCFS) and heuristic methods which struggle a lot to balance the

trade offs between computational efficiency, energy consumption, and QoS. This na-

ture evidently shows that the need for innovative hybrid approaches that can address

these limitations while ensuring adaptability and scalability in resource allocation for

5G system (Liu, Rahman, Zhao, 2023).

1.2.4 Research Gap

Prior work focused on the different components of resource management, such as for

example, reducing latency, energy efficiency, or privacy. Further, few research studies

presented complete models that put together these views. Moreover, the lack of an

actual use case and validating it in the real 5G edge cloud environment causes the

existing approaches not to be so practical. This paper is set to bridge this gap by

proposing a holistic, demand-aware resource allocation framework, which will embed

advanced algorithms, real-time traffic prediction, and privacy-aware mechanisms, thus,

improving system performance and scalability.

1.2.5 Problem Statement Summary

5G edge cloud environments, with their dynamic, heterogeneous, and resource-intensive

nature, are indeed very challenging for resource allocation efficiency. Modern frame-

works are powerless to solve the problems related to power consumption and data

privacy and performance is compromised. Thus, it will demand the adaptability and

scalability for energy efficiency and data privacy along with the integration of different

4



parts. This can only be achieved by recourse to innovative solutions. No doubt, how-

ever, pulling together advanced algorithms based on edge learning and forecasting of

real-time demand for the introduction of QoS and the reduction of delay and increase

in resource utilization in 5G-enabled edge cloud networks will be an excellent solution.

1.3 Research Objectives

This study intends to constitute an exclusive and on-demand resource allocation scheme

fitted to 5G edge cloud environments. The main goal is to encounter the basic obsta-

cles the user of mobile equipment, network variation, and ecological conditions bring

while asking for services. By applying novel techniques in cloud resource allocation

by new algorithms and optimization techniques. The main goal of this research is to

optimize the cloud resource allocation and improve the performance of throughput and

latency and other QoS parameters.

The following specific objectives guide this study:

1. To analyze the key challenges in resource allocation within 5G edge cloud
networks: Resource allocation in 5G edge clouds faces many challenges such

as latency, energy inefficiency, and resource under utilization. This study will

identify these burning challenges by reviewing existing literature and analyzing

real-world scenarios (Zhou et al., 2022; Chen et al., 2021).

2. To evaluate the impact of dynamic user demands and network heterogeneity
on resource allocation frameworks.: The study will investigate more on how

varying user demands and diverse network conditions influence the effectiveness

of resource allocation strategies. Further it emphasize the need for adaptability

in these frameworks (Ahmed et al., 2022; Huang et al., 2023).

3. To design and implement a hybrid algorithm for demand-aware resource
allocation: The framework integrates advanced algorithms such as genetic al-

gorithms, branch-and-bound methods, and traffic prediction models to optimize

resource allocation in real time scenarios (Kumar et al., 2022; Nguyen et al.,

2021).

4. To assess the performance of the proposed framework through simulations
and quantitative metrics: Key performance indicators such as latency, through-

put, energy efficiency, and QoS will be measured using simulation tools to val-

idate the effectiveness of the framework resource nature (Liu et al., 2020; Rah-

man et al., 2023).
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5. To propose actionable recommendations for implementing demand-aware
resource allocation frameworks in 5G edge cloud networks.: Practical guide-

lines will be developed to help for network operators and developers to opti-

mize resource utilization and enhance service quality in diverse 5G environments

(Zhou et al., 2022; Nguyen et al., 2021).

1.4 Scope of the Study

This study focuses on the development of a demand aware resource allocation frame-

work for 5G edge cloud environments. With the increasing adoption of 5G networks,

edge computing technology is unavoidable for latency sensitive applications, real time

analytics, and resource intensive tasks such as augmented reality (AR), autonomous

vehicles, and industrial IoT (Chen, Zhang, Huang, 2021). The research addresses

the limitations of existing resource allocation strategies and techniques and proposes

a novel framework to optimize resource utilization while maintaining high Quality of

Service (QoS).

1.4.1 Technical Scope

The research emphasizes the following technical dimensions:

1. Resource Allocation Challenges: The study identifies key challenges such as

dynamic user demand, energy efficiency, as well as privacy concerns in 5G edge

clouds. Existing frameworks always fail to address these factors comprehen-

sively. It results in resource under utilization and increased latency (Zhou, Li,

Yang, 2022).

2. Performance Evaluation: The framework will be validated using simulation

tools, measuring key performance indicators such as latency, throughput, energy

efficiency, and QoS. Comparative analysis with existing methods will also be

conducted (Ahmed, Khan, Wang, 2022).

1.4.2 Application Scope

The proposed framework is applicable to diverse 5G-enabled domains, including:

1. Smart Cities: For real time traffic management, energy optimization, and public

safety systems.

2. Healthcare: For medicine, remote monitoring, and emergency response sys-

tems requiring low latency and secure communications.
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3. Industrial IoT: For manufacturing automation, predictive maintenance, and

supply chain management.

4. Autonomous Vehicles: For vehicular communication systems require ultra low

latency and high reliability connectivity.

1.4.3 Geographical Scope

The research that was carried out especially concentrates on the 5G coverage distance

being applied to the edge cloud which is located in the urban area and also in the

semi-urban area. But the details can be tailored to rural places if there are engineering

changes the infrastructure and resources as well.

1.4.4 Temporal Scope

For the most part, the study of the current and future requirements of 5G edge cloud

environments is on the table. In general, the proposed framework is designed to man-

age 5G networks’ growing complexity and to back future advancements in 6G and so

on (Huang, Liu, Zhao, 2023).

1.4.5 Limitations

While the study aims to address critical challenges in resource allocation, certain lim-

itations include:

1. Simulation-Based Validation: The framework’s performance will be tested in

simulated environments, which may not fully replicate real world complexities.

2. Infrastructure Constraints: The framework assumes the presence of advanced

edge computing infrastructure, which may not be universally available.

The report of this study on a comprehensive framework for enhancing the efficiency

and scalability of 5G edge cloud networks by addressing these limitations and focusing

on demand-aware optimization is leading the way in those spectrum of technologies.

1.5 Significance of the Study

All businesses are adopting capacity-aware resource allocation frameworks in 5G edge

cloud networks to cope with the issues of scalability, efficiency, and real-time response

in the modern communication systems. This paper is an important step in the areas

of telecommunications, cloud computing, and resource optimization which are all cur-

rently shifting to more decentralized and latency-sensitive applications.

7



1.5.1 Theoretical Significance

1. Advancing Knowledge in 5G Edge Computing: This research contributes to

the theoretical understanding of resource allocation challenges in 5G edge cloud

environments by exploring dynamic demand-aware frameworks. It identifies

gaps in existing methodologies and introduces a hybrid approach integrating

genetic algorithms, branch-and-bound techniques, and machine learning-based

traffic prediction models (Chen et al., 2021; Zhou et al., 2022).

2. Incorporating Multidimensional Optimization: The study investigates differ-

ent key dimensions like reduction of latency, energy efficiency, and privacy. The

authors have put forward a comprehensive hypostasis to act as a base for future

research in resource management that incorporates the nexus of these factors

(Nguyen et al., 2021; Kumar et al., 2022).

1.5.2 Practical Significance

1. Enhancing 5G Network Efficiency: The advanced algorithm is a piece of tech-

nology that is developed to make use of resources in an efficient manner by re-

ducing the time slots and latency that are required for the successful data transfer.

One of the main purposes of the framework under the proposed plan is to make it

possible for those latency-sensitive applications which include the telemedicine,

autonomous vehicle, and industrial IoT task to have the best-in-class quality with

lower latency under the proposed framework. This improvement directly affects

end-users and network providers (Ahmed et al., 2022).

2. Promoting Sustainability: The research focuses on the energy-efficient alloca-

tion of resources that are aimed at taking the responsibility of the environmental

impact from large-scale network deployments in a world we see endeavor to

make a greener environment. By curbing energy dissipation in edge nodes, the

study partakes in international action on sustainability (Huang et al., 2023).

3. Strengthening Data Privacy and Security: The improvement of privacy-aware

routing protocols in a framework enhances data security for the applications

that manage sensitive information, like healthcare and financial services. This

enhancement makes it possible that the network operators can offer services that

are both secure and of high quality (Nguyen et al., 2021).

1.5.3 Industrial Relevance

1. Guiding 5G Network Operators and Developers: The profitable recommen-

dations provided by this study will be of great help to network operators as
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they even more deploy demand-aware frameworks that enhance operational ef-

ficiency and reliability of services. Programmers are able to use the hybrid algo-

rithm to devise strategies of scalable resource allocation to different application

scenarios (Zhou et al., 2022).

2. Facilitating Innovation in Edge Computing Applications: This research’s

outcomes can be adopted by industries like smart cities, connected transporta-

tion, and digital healthcare in their bid to resource management optimizations

the real-world implementation in order to gain an edge in the technological race.

Such adoption will go one step further bringing innovation that will improve

the performance of the systems that got edge-computing-enabled (Kumar et al.,

2022).

1.5.4 Broader Implications

1. Impact on Future Network Architectures: This study’s implications are not

just about 5G networks but can also be applied to the future’s technologies such

as 6G and above. The offered framework acts as an outline for handling future

network architecture’s resource allocation problems (Huang et al., 2023).

2. Contributing to Digital Transformation: Industries are making their digital

transformation journeys and technological advancements are well correlated, the

study’s findings would help in the transition from the development of technolo-

gies to the practical application in various sectors. Such an effort is indispens-

able for the utilization of the edge computing concept to the full in a 5G-based

network (Ahmed et al., 2022).

The main importance of this research is that it is able to handle the main issues 5G edge

cloud networks are experiencing while providing new solutions to reliability, energy

efficiency, and scalability which significantly improve the QoS. The various benefits

the research brings to establishing theory, practice, and industry are a clear indicator

of relevance to the telecom sector and resource management.

1.6 Organization of the Report

This research report is broken down into multiple chapters focusing on different facets

of the research so that the user can have a comprehensive understanding of how re-

sources are allocated in a dynamically changing 5G edge cloud environment. The

forthcoming is a summary of the organization:
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1.6.1 Chapter 1: Introduction

This section, which has the theme of research and establishes the basis for the study,

is the first chapter. The background of the study, problem statement, research objec-

tives, scope, and research significance are included in the paragraph. This chapter is

directed to necessitate the demand-aware resource allocation framework and to present

the relevance of 5G edge cloud networks to the environment.

1.6.2 Chapter 2: Literature Review

This chapter is a comprehensive review of current studies and frameworks associated

with the provisioning of resources in an edge cloud environment. It delves into various

milestones in the 5th-generation mobile communication technology such as dynamic

resource allocation difficulties and issues in current methodologies. The literature re-

view recognizes the spaces where this study brings to the existence of the academic

and practical knowledge base.

1.6.3 Chapter 3: Methodology

The methodology chapter outlines the research design, framework architecture, and

algorithm development. It details the hybrid approach adopted for resource allocation,

integrating genetic algorithms, branch-and-bound methods, and machine learning-based

traffic prediction models. The chapter also describes the simulation setup, data collec-

tion methods, and performance evaluation metrics

1.6.4 Chapter 4: Simulation Data Analysis

This chapter presents the detailed simulation and implementation of the proposed

methodology. It includes step-by-step explanations of task scheduling, resource al-

location, demonstrating its application in optimizing resource utilization in 5G edge

cloud networks.

1.6.5 Chapter 5: Results and Discussion

Achievement of the study mainly depends on the results and discussion chapter. It

consists of the analysis of the simulation results which are based on the indicators of

the main type such as latency, throughput, energy efficiency, and Quality of Service

(QoS). The chapter compares the proposed framework with existing approaches, and

provides a detailed discussion of the findings.
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1.6.6 Chapter 6: Conclusion and Recommendations

This chapter deals with the obtained results and highlights their significance in 5G

edge cloud computing. It talks about the effect of the research on the professionals in

the field as well as on the academic researchers. The particular chapters along with the

necessary steps will be provided to the contractor for the application of the demand

aware resource accumulation frameworks and the identification of the future scopes

for research.
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CHAPTER 2

LITERATURE REVIEW

2.1 Introduction

The accelerating expansion of 5G networks results in a transformation of the telecom-

munications and edge computing sphere. 5G is the main enabler for advanced appli-

cations such as augmented reality, self-driving cars, and smart city systems. And as

the technology is becoming the essential component in the process of the digital trans-

formation, the necessity to provide efficient resource allocation in edge cloud environ-

ments has consequently emerged. The 5G-induced innovations are not only social but

also economic and business supporting the traditional concepts. That is the reason why

the global efficiency of T-DCN is helpless to the severe economics of diverse mobile

carriers. The dynamic behavior of 5G-enabled applications making the user to satisfy

variability in user demands and network types lead to finding the way for energy-

efficient computing while maintaining the basic requirements, such as low latency and

high reliability with the utility of computational resources (Meenakshi Liam, 2014).

Edge clouds’ resource allocation has stood out as one of the most studied areas of

concern, with most studies concentrating on tools that improve system performance,

scalability, and QoS. However, in stark contrast, the existing frameworks too often

come up empty in the face of the dynamism and multidimensionality of the challenges

of demand-aware networks. As such, the static or semi-dynamic allocation strategies

are unfit for real-time applications that require fast adaptations to match the differ-

ent user demands (Zhou et al., 2022). Furthermore, the combination of privacy-aware

mechanisms and energy-efficient solutions is still a less popular topic of research in

the 5G edge computing context (Nguyen et al., 2021).

This chapter focuses on the current methodologies employed in this study and the gaps

and the challenges in the existing approaches. Further, it discusses about resource

allocation challenges in Edge Cloud Networks and various demand-aware resource al-

location techniques.

In conclusion, this chapter is a very comprehensive overview of current studies of

theoretical frameworks as well as resource allocation in edge cloud environments. It

takes into account chief progresses in 5G technology, difficulties in dynamic resource

allocation, and deficiencies in current methodologies. The literature review clearly

demonstrates the areas where the study can help the academic and practical sides of

the area.
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2.2 Resource Allocation Challenges in Edge Cloud Networks

Resource Allocation on the edge cloud network is a dynamic and significant process

having influenced the special requirements of the 5G environment. The Edge cloud

networks are operating somewhere close to the end-users instead of the usual central-

ized cloud computing which brings in the heterogeneity, latency, energy efficiency, and

security challenges. This part provides the most extensive explanation of the crucial

resourse allocation issues in edge cloud networks of 5G

2.2.1 Dynamic User Demands and Traffic Variability

Resource allocation is one of the main problems faced in managing dynamic user de-

mands and variable traffic patterns. The 5G environment has a wide range of applica-

tions, such as video streaming and IoT device management, which makes it impossible

to predict the need for resources. While static or semi-dynamic allocation strategies are

often not able to react to real-time changes, the results may be resource underutilization

or overloading, studies show (Ahmed et al., 2022). Namely, while a video streaming

application may need a lot of bandwidth, the autonomous vehicle network technology

may prefer low latency, this is why a flexible allocation platform is important to meet

the changing demands (Zhou et al., 2022).

2.2.2 Latency Constraints

Latency is among the most important metrics to be observed in computing systems

running the edge cloud, mainly for application types like the ones used for augmented

reality (AR), telemedicine, and industrialing automation, respectively. These frame-

works of resource utilization must be conformed to limit the time of end-to-end data

transmission by choosing computational resources that are placed in the most conve-

nient location for the user. Nonetheless, for instance, optimization of routing, task

scheduling, and computational load balancing are crucial components for achieving

this goal on multiple edge nodes. Conventional centralized algorithms are generally

not fully up to the task of competing with latency challenges, which in turn promotes

the necessity for decentralized and latency-aware allocation mechanisms to come to

sight(Nguyen et al., 2021).

2.2.3 Energy Efficiency

A major cause for concern in the 5G edge cloud networks is the level of energy con-

sumption, especially for those edge nodes and devices that are required to operate

within a certain power limit. The unlimited processing of data at the edge takes away a

lot of energy, which eventually causes a very high amount of operational expenses and
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a detrimental effect on the environment. As a dominant factor of achieving more per-

formance, the present resource allocation policies more often than not neglect energy

efficacy and focus their efforts mainly on throughput or delay optimization. This dif-

ference, in turn, calls for the new development of energy-aware allocation frameworks

that decrease power consumption and maintains the same great quality of a service

(Huang et al., 2023).

2.2.4 Resource Heterogeneity

The diversity of resources in 5G edge cloud networks, such as computation power,

storage, and bandwidth, makes resource allocation even more complicated. Programs

are different in terms of requirements. For instance, IoT sensors might need a much

smaller amount of computing power while they would want the highest reliability at

the same time, whereas AR systems require a huge processing power and almost no (or

very little) delay. Before we go on with the description of the forthcoming situation, we

should mention that the objective of the governing body is to provide a set of metrics

that can be used to guarantee corresponding business goals (Chen et.al [2021]).

2.2.5 Scalability

Despite the rapid expansion which lead to a 5G network and the increased number of

devices that are connected are growing rapidly, scalability problems are occurring. Re-

source allocation frames are going to have to keep record and supervisory hundreds of

devices and applications, which will be necessary for efficient and equitable resource

distribution in such scenarios, but they usually run precisely under the high traffic

conditions. Providing scalable algorithms capable of addressing large-scale networks

without performance degradation is the mainstay technical support needed by such re-

source allocation frameworks (Kumar et al., 2022). Almost all present-day frameworks

lack the flexibility to handle scalability as they appear in situations of high demand.

2.2.6 Security and Privacy

The edge clouds that are decentralized raise the risk of data transmission and storage.

Applications managing sensitive data, such as the healthcare and financial sectors, re-

quire strong security methods to shield the data from the users. Privacy-appropriate

resource allocation frameworks that are capable of guaranteeing the integrity and con-

fidentiality of data and at the same time improving the efficiency of a computer or some

other technical appliance remain to be a challenging task (Nguyen et al., 2021). Fur-

thermore, meeting security requirements while maximizing computational efficiency

generally requires that trade-offs requiring serious evaluation be made.
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2.2.7 Task Scheduling and Load Balancing

Optimum resource allocation at edge cloud networks can be attained only if the schedul-

ing of the tasks is efficient and there is an equilibrium of load. The tasks have to be

distributed over the edge nodes in such a way so as to prevent overloading and to guar-

antee on-time execution. Still, the task allocation process is quite complicated because

of the changing nature of tasks and different resources available. In the conventional

view, many approaches are based on the use of static scheduling policies, which might

be outdated for real-time demands in 5G networks (Imran, 2022).

2.2.8 Interoperability and Standardization

The inconsistency of enterprise IC/ IoT devices is a product of non-standardization,

based on the belief that edge computing capabilities and technologies today pose in-

teroperability challenges due to the lack of standards. Consequently, different vendors

and systems depend on divergent and often inappropriate protocols, which makes the

seamless integration of resources an almost impossible task. This division restricts the

ability to effectively allocate resources and frustrates the utilization of edge computing

solutions in 5G networks. The development and promotion of standards that can offer

interoperability is a great initiative that can help the above-said issues (Zhou et al.,

2022).

2.2.9 Real-Time Decision Making

Real-time decision-making poses itself as an essential requirement in edge cloud net-

works’ resource allocation frameworks. While systems like autonomous vehicles and

smart city systems require immediate feedback, hence real-time processing, and allo-

cation decisions become necessary, they also require it. It becomes an essential part of

this when highly sophisticated algorithms that are able to process huge amounts of data

and at the same time produce a decision in a fraction of a second are in place. However,

the computational complexity of these algorithms often causes their practicability to

decrease(Huang et al., 2023).

2.3 Demand-Aware Resource Allocation Techniques

The demand-aware resource allocation became a major approach in avoiding the un-

economical resources management of the 5G edge cloud networks. Such approach

proposes the real-time resources being reallocated in short-term due to the pulses of

traffic, users’ demands, and the appropriate requirements of the app. Referring to the

demand-aware technique, which is different from static and semi-dynamic ones, it uses

the most sophisticated algorithms, machine learning models, and predictive analytics
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to optimize the system performance, scalability, and Quality of Service (QoS). This

chapter describes in depth what principles are practiced in demand-aware resource al-

location in 5G edge clouds.

2.3.1 Traffic Prediction Models

Traffic prediction is a cornerstone of demand-aware resource allocation. By forecasting

user demands and traffic loads, these models enable proactive resource management,

reducing latency and improving system efficiency.

1. Machine Learning-Based Prediction: Traffic prediction is an application area

where machine learning algorithms such as neural networks, support vector ma-

chines, and decision trees are widely used. That is, for instance, these types

of networks are able to deal with delayed temporal dependencies of traffic data

very well. As a result, the networks produced accurate forecasts (Ahmed et al.,

2022).

2. Time-Series Analysis: In businesses, data scientists and other professionals

generally tend to use tools such as autoregressive integrated moving average

(ARIMA) models and Prophet frameworks around the globe to envisage such

phenomena as short-term and long-term traffic trends. Such techniques indeed

are useful observation points for dynamic resource allocation that is based on

inferred demand (Zhou et al., 2022).

2.3.2 Adaptive Task Scheduling

Task scheduling is the process of distributing computational tasks on the edge nodes in

order to get the best utilization of resources and maximum minimal latency. The adap-

tive scheduling techniques will change the distribution of the tasks flexibly depending

on the situation.

1. Heuristic Algorithms: Task scheduling involves distributing computational tasks

across edge nodes to ensure optimal resource utilization and minimal latency.

Adaptive scheduling techniques dynamically adjust task assignments based on

real-time conditions.

2. Priority-Based Scheduling: Priority-based techniques distribute tasks based

on their weight or their immediate necessity. For instance, immediate latency-

sensitive tasks are given priority over non-critical necessities to ensure QoS

(Huang et al., 2023).
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2.3.3 Load Balancing

Load balancing is the regulation of the typical computer load spread evenly across

edge nodes so that no single node is over-loaded, which reduces running costs, lessens

resource bottlenecks and enhances performance.

1. Static vs. Dynamic Load Balancing: Despite their strict rules, static load

balancing methods do not fall into the trap of traffic or resource availability

and avoid the real-time qualities, instead of fulfilling the predefined rules, they

change to the actions as real-time situations crop up. Dynamic balancing per-

forms better in processing the ups and downs of several 5G networks (Nguyen

et al., 2021).

2. Round-Robin and Weighted Algorithms: The round-robin mechanisms are

simply the tasks allocation to multiple nodes in a systematic sequence, while the

weighted algorithms are algorithms that use the node’s capacity and workload to

distribute tasks. These mechanisms are indeed uncomplicated but they work so

well in a bunch of MEC scenarios (Kumar et al., 2022).

2.3.4 Resource Orchestration

Resource orchestration refers to the efficient and orderly allocation of computational,

storage, and networking resources over multiple edge nodes.

1. Software-Defined Networking (SDN): Software-Defined Networking (SDN)

allows a network to get its resources centrally controlled, which means that it

aides dynamic reconfigurations in real-time to manage the ever-changing envi-

ronment. Following the SDN architecture-based orchestration, a network main-

tains a greater level of efficiency and management we all know as Software-

Defined Networking (Ahmed et al., 2022).

2. Network Function Virtualization (NFV): A network function virtualization

decouples network functions from hardware so that services can be deployed in

a flexible and dynamic way. This flexibility is the key to being efficient by using

the concept of demand-aware allocation in various application scenarios (Zhou

et al., 2022).

2.3.5 Energy-Aware Allocation

Energy efficiency is a significant aspect in demand-aware approaches. Utilizing assets

in a way that they consume as little power as possible leads to lower operational costs

and is in line with environmental aspects.
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1. Energy-Aware Algorithms: Energy-aware algorithms optimize resource uti-

lization through the inclusion and consideration of power as a key trip. By

default, load balancing and dynamic voltage scaling (DVS) are power-aware

techniques that are usually employed (Chen et al., 2021).

2. Green Computing Approaches: Green computing focuses on minimizing en-

ergy usage by shutting down idle nodes or reallocating tasks to more energy-

efficient resources. These approaches contribute to environmentally sustainable

edge computing (Huang et al., 2023).

2.3.6 Privacy-Aware Resource Allocation

Privacy is a growing concern in edge cloud networks, especially for applications han-

dling sensitive data. Privacy-aware allocation techniques ensure data security while

optimizing resources.

1. Data Encryption and Anonymization: Encrypting data and anonymizing user

information are the most common practices employed to protect privacy which

sometimes end up being violated by the very same people (Nguyen et al., 2021).

2. Privacy-Preserving Algorithms: Algorithms like differential privacy and fed-

erated learning allow secure resource allocation without exposing sensitive data.

These techniques are particularly useful in healthcare and financial applications

(Ahmed et al., 2022).

2.3.7 Hybrid Approaches

Hybrid techniques combine multiple demand-aware methods to address the multidi-

mensional challenges of resource allocation in 5G edge clouds.

1. Integrated Scheduling and Load Balancing: Combining task scheduling with

dynamic load balancing enhances overall efficiency. For instance, tasks can be

scheduled based on both priority and node capacity (Zhou et al., 2022).

2. Multi-Objective Optimization: On many occasions, hybrid frameworks have

demonstrated a better ability to ensure the trade-offs of latency, power consump-

tion as well as QoS through multi-objective optimization techniques. Genetic

algorithms and particle swarm optimization (PSO) are the most common meth-

ods utilized for this purpose (Kumar et al., 2022).

2.3.8 Challenges in Demand-Aware Techniques

Although demand-aware resource allocation techniques are characterized by a number

of benefits, they are not free from challenges such as the following:
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1. Computational Complexity: Real-time decision-making requires high compu-

tational power, which may strain edge nodes

2. Scalability: Ensuring efficiency across large-scale networks with thousands of

nodes remains difficult.

3. Interoperability: Joining a variety of devices and platforms for a solid system

is a usual challenge (Chen et al., 2021).

2.3.9 Summary

Demand-aware resource allocation techniques are key to the smooth running of 5G

edge cloud networks. They are designed to dynamically respond with real-time net-

work traffic forecasts, adaptive scheduling, load balancing, and privacy-aware mech-

anisms, to manage the challenges posed by dynamic user needs, energy efficiency

as well as security. Nonetheless, continuous evolution of algorithms and integration

strategies are necessary to address complexities like handoff failures high mobility and

insufficient radio coverage.

2.4 Gaps in Existing Approaches

5G edge cloud networks’ rapid development showed the phases of the old resource

allocation style being out-of-date finally. In the meantime, innovations in the AI tech-

nologies have been potential contributors to the economic growth through increased

productivity, improved performance, and reduced costs. Even the most efficient alloca-

tion scheme does not fill the whole picture to track performance. This happens mainly

because of the non-adaptability of the existing systems to the dynamic nature, high

heterogeneity, and latency-criticality which are indispensable in today’s tech world.

This section of the chapter brings to light the primary downsides in the present-day

methods of 5G edge cloud resource allocation.

2.4.1 Lack of Real-Time Adaptability

A major problem with the present day approach to resource distribution is how poorly

these strategies handle broadband supply and the computer programs that need it. Up

until now, the customary way has been the unresponsive resource allocation that is

laid bare when the application hardly is or is in only semi-dynamic, and therefore it

is unadapted to be virtually fluctuative 5G applications. For instance, in the case of

the self-driving car or medical institution that needs to send real-time commands to a

computer center, if you apply old rules of operation, the system is very unstable and

unpredictable.
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2.4.2 Limited Integration of Machine Learning Models

Despite the fact that Machine Learning (ML) has identified a capacity to make mile-

stone progress in forecasting the utilization and optimal use of resources, its integra-

tion into the edge cloud network remains a fundamental challenge. The majority of

the current systems are unable to utilize advanced ML approaches like deep learning

or reinforcement learning for traffic prediction, task scheduling, and anomaly detec-

tion (Chen, Zhang, Huang, 2021). This low application of ML machines is the reason

why the networks cannot accurately predict traffic occurrences and distribute resources

ahead of time.

2.4.3 Inadequate Focus on Energy Efficiency

Energy consumption has become one of the critical challenges related to 5G edge com-

puting, which is mainly because it makes edge nodes and devices lose capacity in terms

of power. Most existing methods put the quality of service, such as the wait latency

or throughput before the power efficiency (Ahmed, Khan, Wang, 2022). The absence

of energy-oriented techniques means that higher operational costs and environmental

impacts occur, thus impeding the sustainability goals of 5G networks.

2.4.4 Fragmentation in Resource Management

esource management at the 5G edge cloud is sporadically carried on with the use of

independent solutions for task scheduling, load balancing, or network slicing, each of

which addresses the specific issues in a fragmented manner. This single-to-single solu-

tion stands in the way of creating complete frameworks that are capable of optimizing

multiple factors at one time. For example, those frameworks which are only about the

connection speed might overlook other weighty factors such as energy efficiency or

data privacy (Kumar, Gupta, Rahman, 2022).

2.4.5 Challenges in Privacy and Security

Data privacy and security is an underestimated aspect in resource allocation frame-

works. On the other hand, with edge computing the sensitive data is processed closer

to the end users, the systems become more prone to breaches and attacks. The stud-

ies on privacy-aware resource allocation mechanisms are not thorough, and they cause

the data vulnerability. Similarly, the trade-off between maintaining high security and

ensuring low latency is often neglected (Nguyen, Rahman, Li, 2021).
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2.4.6 Scalability Issues

Scalability is one more area which needs a great fix the inadequate allotment of re-

sources in the field of current resource allocation systems. The infrastructure capacity

of 5G networks to each of the some billions of new devices is hindered by the ongoing

framing of the technology, thereby enabling changes to be implemented effectively in

scenarios of large scale deployment (Huang, Liu, Zhao, 2023). It is clear that the

problems of scalability can be seen in scenarios of very high demand, where even the

best resource allocation frameworks do not bring enough loads to perform well.

2.4.7 Interoperability Constraints

One of the main pain points in edge computing lies in the absence of common standards

and compatibility between separate platforms, which constrains resource allocation.

Devices, as well as networks and platforms belonging to various suppliers, mostly

communicate using different socket addresses which is why it is difficult to integrate

them into a single system (Chen et al., 2021). Such a smaller share of the edge cloud

technology market is sometimes the consequence of these limitations with the resource

allocation strategies in addition to the challenge of the edge cloud solution deployment

in these dynamic settings.

2.4.8 Overlooked Application-Specific Requirements

There are several resource allocation techniques that work fine when you have one rule

for all without accounting for the distinct different features of the category. On the

other hand, IoT apps do not have ultra-low latency and high bandwidth, and the main

focus is the reliability issue, in contrast to AR and VR which need ultra-low latency

and high bandwidth. This situation occurs as the lack of specific allocation strategies

for one-use cases deteriorates the performance (Kumar et al., 2022).

2.4.9 Challenges in Multi-Objective Optimization

The concept of multi-objective optimization, which is a method using which trade-offs

between metrics such as latency, energy utilization, and QoS can be balanced, is a

subject that is not yet fully explored. The current frameworks are very often based on

single-parameter optimization, and these ignore the rights given to the others, which

in turn leads to the persistence of suboptimal performance in multi-dimensional situa-

tions (Huang et al., 2023). [This was a developed need] Multi-objective optimization is

still the factor that still limits the new resource allocation strategies at advanced levels

due to the lack of the powerful methods or the operational procedures.

The issues related to the allocation of resources are pre-existing for 5G Edge Cloud
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Networks and, because of that fact, the need for more creative and demand-aware ap-

proaches emphasizes. Meeting shortcomings involves the inclusion of real-time adapt-

ability, machine learning, energy efficiency, privacy mechanisms, and multi-objective

optimization. Only by tackling these limitations can the forthcoming frameworks mag-

nify the scalability, effectiveness, and durability of 5G Edge Cloud

2.5 Theoretical Framework and Models

The proposed theory forms the foundation of this research, it will provide the knowl-

edge and support for the resource allocation issue in the 5G Edge Nw and computation

cloud. This model gives you the direction in order for you to develop those strate-

gies that are oriented to demand through the integration of the traditional theories and

models. This section outlines the theoretical background and models that inform the

framework that is being suggested.

2.5.1 Queuing Theory for Resource Allocation

Queuing principle is a mathematical approach that is used to measure the parameter

of the waiting lines that are there in the system, such as resource allocation in 5G net-

working. Edge computing uses queuing theory in the arrival and of tasks at edge nodes

and service processes modeling, which guarantees the optimization of the resources of

the network and computers. The principal applications of this method include:

• Task Scheduling: To reduce user waiting times and congestion in a node model

one can model the task arrivals and service rate (Ahmed et al., 2022).

• Load Balancing: In order to ensure that tasks are fairly allocated among the

nodes on the periphery, by analyzing the queuing dynamics (Zhou et al., 2022).

The queuing theory is especially appropriate because it helps to determine the latency

challenges by evaluating the bottlenecks and the utilization of resources that can be

improved as a result of it.

2.5.2 Game Theory for Resource Optimization

Game theory is the discipline that deals with interactions between several players (for

example, edge nodes, users, and applications), who are in competition for the resources

that are limited in quantity. This method makes it possible to develop allocation strate-

gies that balance out the different capabilities of the resources.

• Non-Cooperative Game Models: Each player (user or application) they act in

a way that to the greatest extent maximize its utility such as resource competi-

tion. Non-cooperative games are useful for scenarios with inconsistent objec-

tives (Huang et al., 2023).
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• Cooperative Game Models: Players work together to improve the overall per-

formance of the system, by for example sharing resources or synchronizing the

execution of tasks. Cooperative games are well-suited for situations that need

cooperation among edge nodes (Nguyen et al., 2021).

Game theory is a robust mechanism to achieve balance in the allocation of resources,

so that all the participants are treated right and the service is efficient.

2.5.3 Multi-Objective Optimization Models

Having a capacity in virtualized 5G environments to optimally place resources is the

problem and involves balancing many conflicting objectives, whose movement in the

network might lead to latency increase and degradation of throughput, while at the

same time consuming more power. Multi-objective optimization models give a clear

way to consider these matters.

• Pareto Optimization: This method pinpoints solutions that are incable of im-

provement alone. They are the frontiers recommended when we want to estab-

lish how the relationship of various metrics is going to be. The range of Pareto

fronts is broadly visualized in the synergy between the performance measures

(Chen et al., 2021).

• Weighted Sum Method: One way to do this is by building an optimization func-

tion that maps these criteria into one numerical value, which makes the decision-

making process simpler (Kumar et al., 2022).

These logical designs are fairly important for creating global resource allocation

frameworks that accommodate the various 5G applications’ demands.

2.5.4 Machine Learning-Based Models

AI (Artificial Intelligence) and machine learning applications have resulted in different

working modalities, which are demand-aware, which is less dependent on humans and

more with predictive and adaptive decision-making.

• Supervised Learning Models: Algorithms are trained on labeled datasets to pre-

dict traffic, schedule tasks, and detect anomalies. In particular, one-class, and

regression algorithms we find in machine learning can forecast and classify zip

code regions which have more population and higher traffic. (Ahmed et al.,

2022).

• Reinforcement Learning (RL): RL algorithms, such as Q-learning and deep rein-

forcement learning which dynamically learn optimal resource allocation policies
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through trial and error. These models are particularly effective in environments

with dynamic and unpredictable demands (Zhou et al., 2022).

ML-based models enhance the adaptability of resource allocation frameworks which

ensure efficient performance in real-time scenarios.

2.5.5 Network Slicing Models

Network slicing concept enables the creation of virtualized network segments tailored

to specific application requirements. Each slice operates as an independent network

with customized resource allocation policies.

• Hierarchical Models: These models are the governance of resources at different

levels. Namely the user’s, application’s, and infrastructure’s levels, and in this

way, each slice gets the performance it needs (Huang et al., 2023).

• Dynamic Slicing Models: Dynamic slicing is a method of resource management

that enables real-time resource allocation considering changes in traffic patterns

and application demands which thereby ensures top-notch QoS and scalability

(Nguyen et al., 2021).

Network slicing models are particularly relevant for 5G edge cloud networks, where

diverse applications operate simultaneously.

2.5.6 Energy-Aware Models

Energy-conscious systems center on structuring resource distribution in such a way as

to lower power spending, yet at the same time sustain service quality. Energy profiles

pertaining to the edge nodes, network devices, and applications are accounted for by

these models.

• Dynamic Voltage Scaling (DVS): By assessing task demands, it adapts to edge

nodes’ utilization for power efficiency, therefore resulting in lower energy con-

sumption during the off-peak period (Chen et al., 2021).

• Green Computing Models Intelligence and safe computing matter more when

you incorporate renewable energy sources and sustainable algorithms (Kumar et

al., 2022).

Energy-efficient models play an important role in setting up a new generation of 5G

networks by minimizing the environmental cost and ensuring sustainability targets.
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2.5.7 Summary of the Theoretical Framework

A theoretical construct that is a combination of several models is what it means. This

theoretical framework takes a look at the resource allocation problem in 5G cloud

edge networks coming from a variety of different angles. Such basic principles as

queuing and game theories give is the purpose of optimization but with additional sup-

port through multi-objective models and machine learning-based models that enable

the project to adapt and scale. Energy-aware, network slicing, and privacy-aware mod-

els are models that comply with particular requirements for instance sustainability and

data security. As a whole, these models form a demand-aware framework, the most

comprehensive so far, for the effective and reliable operation of 5G edge cloud sys-

tems.

2.6 Summary of Literature Insights

The survey of literature in this research gives an all-round view of the proper use of

resources in 5G edge cloud networks and talks about the dynamic, heterogeneous,

and latency-sensitive features of these facilities. The most important findings of the

literature are provided in a nutshell, outlining the progress and shortcomings as well as

proposing the future directions that may be in the research field.

2.6.1 Progress in Resource Allocation Techniques

1. Advancements in Traffic Prediction Models: The latest research has proved

the strengths of machine learning (ML) methodologies, like e.g. recurrent neural

networks (RNNs) and long short-term memory (LSTM) models, in traffic needs

prediction. The proactive allocation and system efficiency are the outcomes of

these approaches (Ahmed et al., 2022; Zhou et al., 2022).

2. Emergence of Adaptive Scheduling and Load Balancing: Adaptive schedul-

ing frameworks that incorporate heuristic and priority-based algorithms have

resulted in an improved utilization of resource and lessened the overall latency.

Load balancing methods, especially dynamic approaches, are good practices in

the control of traffic flow which seems to be very effective in computing dis-

tributed nodes, (Chen et al., 2021; Kumar et al., 2022)

3. Integration of Network Slicing: Network slicing is one of the most feasible

solutions to fulfill the needs of different applications in 5G environments. Slic-

ing models that are dynamic provide the necessary flexibility and scalability by

adjusting network resources to the usage scenarios (Huang et al., 2023).
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4. Privacy-Aware Mechanisms: The privacy-aware routing protocols and feder-

ated learning techniques have been adopted, and these techniques have thus ad-

dressed the security of data in the edge cloud networks. These methods offer a

secure data transfer medium that still manages to keep the efficiency levels at

their peaks (Nguyen et al., 2021).

5. Focus on Energy Efficiency: Dynamic voltage scaling (DVS) is one of the tech-

niques among the green computing approaches and energy-aware algorithms

that have increasingly become popular in power saving by reducing the con-

sumption of various electronic devices.

2.6.2 Identified Gaps in Literature

1. Limited Real-Time Adaptability: Although adaptive frameworks have been

improved by progress, a number of existing methods cannot respond effectively

to actual changes in traffic and the needs of the users (Zhou et al., 2022).

2. Underutilization of Advanced Machine Learning: Despite using ML in traffic

prediction, its usage as a tool for essential resource allocation areas like task

scheduling and anomaly detection is yet to be fully exploited. But, cutting-edge

methods, like the reinforcement type of learning, are a pearly.ico of the future

(Wu, el al., 2021).

3. Fragmented Resource Management:: Present-day models typically deal with

little elements of resource allocation, like latency or new energy sources, cre-

atively presenting the solutions, but they do not offer a centralized solution. By

implementation of focused approach that involves simultaneous optimization of

many objectives, this will provide the client a great possibility to find the perfect

tradeoffs (Kumar et al., 2022).

4. Scalability Challenges: In the present scenario, existing resource allocation

frameworks do not possess the capability to manage large-scale deployments of

billions of connected devices, which is the major issue with scalability (Huang

et al., 2023).

5. Lack of Real-World Validation: Most research endeavors corroborate their

models by way of simulations; however, these may not be able to fully encap-

sulate the intricacies of 5G edge cloud networks in the real world. After all,

to succeed with the solutions, one must make the project to a real-world situa-

tion. This requires deployment and validation on a practical level (Nguyen et al.,

2021).
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2.6.3 Emerging Trends and Future Directions

1. Hybrid Approaches: mplementing a combined approach of heuristic, machine

learning, and optimization techniques have the potential to largely solve resource

distribution problems. The hybrid frameworks are formed by the techniques that

make advantage of the private one and thus, in general, the system outperforms

(Ahmed et al., 2022).

2. Integration of Artificial Intelligence (AI): It is anticipated that AI technology

is going to turn around the traditional resource allocating systems with its use

in demand prediction, anomaly detection, and decision-making. AI-based al-

gorithms not only can ensure real-time flexibility but also uplift the quality of

service (Jian, 2021).

3. Focus on Sustainability:: rogresses in technology and innovation yields rising

significance for cost-effective as well as eco-friendly resource allocation. The

study further implied that future advancement on the sustainability of IT and

also integration of renewable energy will remain a priority (Huang et al., 2023)

4. Edge-IoT Convergence: The combination of edge computing and IoT creates a

new situation, where the resources may be better allocated. Creating methodolo-

gies that are suitable for IoT applications only will give a boost in smart cities,

healthcare, and industrial automation (Kumar et al., 2022).

5. Enhancing Privacy and Security: Several different approaches will have to

be employed in order to refine and integrate the privacy-preserving techniques,

such as differential privacy and the homomorphic encryption into resource allo-

cations. In doing so, one of the solutions will be to solve the growing security

problem that is being created through data storage in the edge cloud networks

(Nguyen et al., 2021).

2.6.4 Contributions of the Literature Review

Several different approaches will have to be employed in order to refine and integrate

the privacy-preserving techniques, such as differential privacy and the homomorphic

encryption into resource allocations. In doing so, one of the solutions will be to solve

the growing security problem that is being created through data storage in the edge

cloud networks (Nguyen et al., 2021).

• Development of real-time adaptive resource allocation techniques.

• Integration of advanced machine learning algorithms for enhanced decision-

making
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• Formulation of holistic frameworks that balance latency, energy efficiency, and

QoS

• Validation of proposed solutions through practical implementation in 5G edge

cloud networks

2.6.5 Summary

The literature highlights the significant advancements in resource allocation techniques

which include adaptive scheduling, traffic prediction, and network slicing. However,

critical research gaps such as open loop system, limited real time adaptability, scal-

ability issues, and under utilization of machine learning remain. Addressing these

gaps through innovative frameworks and technologies is essential for realizing the full

potential of 5G edge cloud networks. This study aims to these insights to propose

a comprehensive demand aware resource allocation framework that addresses current

limitations and develop a comprehensive closed loop system and aligns with future

network requirements
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CHAPTER 3

METHODOLOGY

3.1 Introduction

The methodology chapter outlines the research design, architecture overview of the

evolutionary framework, key components of framework, work flow of the framework,

advantage of the framework and algorithm development. Further, it compare the base-

line and proposed framework strategies, and processes adopted to develop and evaluate

the proposed demand-aware optimal resource allocation framework for 5G edge cloud

networks. This chapter aims to introduce the reliable, scalable, adaptable centralized

and de-centralized evolutionary framework for optimal resource allocation by detailing

the design, development of hybrid genetic algorithms and branch and bound algorithm.

The dynamic and complex nature of 5G edge cloud environments, the methodology in-

corporates both theoretical and practical approaches, leveraging advanced optimization

techniques

This study will give an overview of the hybrid research methodology that is a union of

qualitative and quantitative analysis. The idea of hybrid approach is to solve the prob-

lem domains such as task scheduling and resource allocation. Additionally it discusses

properties such as real-time adaptability, energy efficiency, and data privacy. The main

purpose of the development of the framework is to optimize the resource allocation

with in the edge cloud location as well as in between the edge cloud locations based on

the criteria such as latency, throughput, energy consumption, and Quality of Service

(QoS). Finally, assess and evaluate the performance of the proposed framework with

baseline approaches qualitatively and quantitatively.

3.2 Research Design

The research design is the blueprint for achieving the objectives of the study. It com-

bines theoretical models and practical algorithms to overcome the challenges of re-

source allocation in 5G edge cloud environment. The design is architect with following

components.

3.2.1 Research Philosophy

This study adopts a positivist philosophy, emphasizing empirical evidence, qualitative

and quantitative analysis to develop and validate the resource allocation framework.

The research is based on data collected through simulations, and analysis is performed
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to ensure the accuracy and reproducibility.

3.2.2 Research Approach

The research is based on a qualitative method that embarks with theoretical models

and hypotheses that are motivated by the literature review. Through the simulation of

these models, they are verified to be the top of the list in the problem areas (Zhou et

al., 2022)

3.2.3 Research Strategy

The study pursues a qualitative and quantitative research strategy. It is concentrating on

numerical data and statistical techniques to check and verify the suggested framework.

The tactic is used in the simulation tools to measure the performance of the framework

for various conditions

3.3 Framework Architecture

The architecture planned framework for the demand-aware resource allocation in 5G

edge cloud networks is the answer to deal with the dynamic user requests, to get the

most out of the resources and to strengthen the Quality of Service (QoS). This ar-

chitecture amalgamates sophisticated algorithms, predictive modals, and eco-friendly

strategies to grapple with the complexities of 5G environments. Below is a detailed

description of the framework’s key components and their interconnections.

3.3.1 Overview of the Framework Architecture

The framework architecture is organised in five main layers, where each layer deals

with special aspects of resource allocation. These layers collaborate with each other

in closed loop fashion to provide instant adaptation, energy efficiency, and secure re-

source management.

1. User Layer: This layer, which is made up of end-user devices such as smart-

phones, IoT sensors, AR/VR headsets, and autonomous vehicles, is responsible

for the creation of real-time traffic and resource demands. The devices in this

layer require edges in the network to be capable of responding to demands for

computing and network resources by sending requests

2. Edge Computing Layer: The edge computing layer involves distributed edge

nodes and micro data centers that are positioned strategically near the user layer.

This level takes care of the processing of tasks that are latency-sensitive, data

caching, and correct task scheduling.
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3. Network Orchestration Layer: Orchestration layer, being the control centre,

enables resources sharing across the whole network. Advanced algorithms are

powered by it for a load balancing, task scheduling, and energy optimization.

The layer of virtualization that is contained within the hardware ensures flawless

communication between edge nodes and the cloud core. Even though the or-

chestration layer manages resource allocation across the network, another layer

enables lower-level device slavishly following what it is ordered to do. Other

words, orchestration layer facilitates the monitoring of the process of a manage-

ment operation to be able to deploy necessary resources seamlessly.

4. Core Cloud Layer: Cloud computing runs resource-intensive and long-term

tasks in the central cloud layer, thereby large-scale data analysis as well as stor-

age. This layer is a backup for the edge computing layer and is used for applica-

tions that demand supercomputer-like computing capabilities.

5. Management and Monitoring Layer: Real-time monitoring, in this layer, refers

to data analytics, and performance evaluation. It monitors the key metrics (i.e.

latency, throughput, energy consumption, and QoS) to optimize resource alloca-

tion dynamically so that these are as it relates to them are balanced in the best

possible way.

3.3.2 Key Components of the Framework

1. Traffic Prediction Module: Uses Facebook’s demand prediction model called

Prophet to forecast real-time traffic patterns and user demands. It enables proac-

tive way to allocate resource by predicting spikes and troughs in network traffic

2. Task Scheduling Module: It dynamically allocates tasks to edge nodes by the

application of heuristic and genetic algorithms. The execution of tasks that are

sensitive to latency to improve users’ experience is the top priority.

3. Load Balancing Module: To prevent overloading and make sure optimal per-

formance is reached, the computational loads are distributed evenly on the edge

nodes. The inclusion of dynamic load balancing techniques, like round-robin

and weighted algorithms, allows for better performance (Huang et al., 2023).

4. Energy Optimization Module: To decrease power consumption, smart algo-

rithms for managing energy like dynamic voltage scaling (DVS) are put in place.

The focus is on the data rate and unpredictable things caused by fluctuations in

power which affect the quality of service, thus reducing energy consumption

(Kumar et al., 2022).
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5. Privacy-Aware Module: Employs a range of federated learning and differential

privacy methods to safeguard user data. It guarantees that privacy criterion is

met without drastically impacting the computational capabilities (Nguyen et al.,

2021).

3.3.3 Workflow of the Framework

The proposed framework operates in a series of coordinated organized steps. The

outlined is below

1. Data Collection and Traffic Analysis: Real time data is collected from the user

layer and processed by the traffic prediction module then after predicted traffic

patterns are analyzed to identify potential resource demands

2. Resource Allocation and Scheduling: The tasks are prioritized based on la-

tency, throughput, and energy efficiency requirements. The task scheduling

module will allocate the resources across edge nodes dynamically

3. Load Balancing and Optimization: The load balancing module make sure the

even distribution of tasks, avoiding node overloading. Further,energy optimiza-

tion techniques are applied to minimize power consumption without compro-

mising any QoS parameters.

4. Real-Time Monitoring and Feedback: The management and monitoring level

assess performance indicators and propose improvements to the orchestration

level.Controllers are tuned continuously in order to guarantee smooth throughput

under fluctuating network conditions.

3.3.4 Advantages of the Framework

1. Real-Time Adaptability: The framework’s ability to respond to traffic dynam-

ics and changes in user demands is further powered by the use of machine learn-

ing models.

2. Energy Efficiency: Energy optimization algorithms that are advanced lower

operating costs and are in sync with the aforementioned goal of sustainability

3. Enhanced QoS: The framework gives priority to latency-sensitive tasks, hence-

forth a high-quality service for critical applications is being ensured.

4. Scalability: The design of modularity is characterized by its ability to be de-

ployed on a large scale, so as not to deny sharing a network with an increasing

number of intelligent devices as the

32



5. Data Security: Privacy-protecting technologies will fortify a user’s dataset of

valuable information, satisfy and uphold the terms of a privacy law

3.3.5 Diagram of the Framework

Fig. 3.1: Proposed Framework Architecture

3.3.6 Summary

The technological concept of the proposed architecture works as closed loop system

with integrates innovational algorithms, the employment of predictive models, and

privacy-aware methods for resource allocation optimization in 5G edge cloud net-

works. The modular aspect of the design ensures adaptability, energy efficiency, and

scalability the primary targets of modern applications. These elements, when brought

together, form a sturdy solution which upgrades the whole systems of performance and

reliability in 5G edge environments.

3.4 Mathematical Model for Demand Forecasting using Prophet

3.4.1 Forecasting Model

Prophet model segregates the time series dataset into three main components which

are trend, seasonality, and the holiday effects. The general model is defined as follows:

y(t) = g(t) + s(t) + h(t) + ε(t) (3.1)
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where:

• y(t) is the traffic demand prediction(in Mbps) at time t.

• g(t) is the trend component modeling for long term variations.

• s(t) is the seasonal component for capturing the periodic patterns.

• h(t) is the effect of the holidays or any special events.

• ε(t) is the error term of the model.

3.4.2 Trend Component

The default trend model in Prophet is a piecewise linear function:

g(t) = k +mt+
J∑

j=1

δj1(t > tj) (3.2)

where:

• k is the initial traffic demand level.

• m is the base growth rate.

• δj represents the change in growth rate at changepoints tj .

• 1(t > tj) is an indicator function that activates after a changepoint.

3.4.3 Seasonality Component

Seasonality component is modeled using the Fourier series:

s(t) =
N∑

n=1

(
an cos

(
2πnt

P

)
+ bn sin

(
2πnt

P

))
(3.3)

where:

• P is the seasonal periods such as daily, weekly, and yearly.

• N is the number of Fourier series terms used.

• an, bn are learned coefficients for each frequency component.
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3.4.4 Holiday Component

If holidays were included, Prophet would model their impact as:

h(t) =
L∑
l=1

αl1(t ∈ Hl) (3.4)

where:

• Hl is the set of available holiday dates.

• αl is the estimated impact based on the holiday days.

3.4.5 Uncertainty Interval

Prophet estimates uncertainty using a Bayesian approach:

yhatlower, yhatupper = y(t)± uncertainty interval (3.5)

The uncertainty bounds are derived from Monte Carlo sampling based on the vari-

ability in trend and seasonality.

3.4.6 Final Forecast Equation

The final predicted traffic demand ŷ(t) is:

ŷ(t) = g(t) + s(t) + ε(t) (3.6)

where ε(t) represents the noise and we assume it to follow a normal distribution.

3.5 Mathematical Model of Genetic Algorithm for Edge Cloud Re-
source Allocation and Optimization

3.5.1 Problem Definition

The objective is to allocate optimal computing resources to edge sites while minimiz-

ing resource wastage and ensuring demand satisfaction.

3.5.1.1 Decision Variables

Each individual (chromosome) represents a resource allocation:

xi = (vCPUi, RAMi, Storagei, Bandwidthi) (3.7)

where:

35



• vCPUi : Number of virtual CPUs allocated to edge site i

• RAMi : Amount of RAM allocated (GB)

• Storagei : Storage allocated (TB)

• Bandwidthi : Network bandwidth allocated (Gbps)

3.5.1.2 Demand Vector

Each edge site has a predefined demand vector:

Di = (DvCPU , DRAM , DStorage, DBandwidth) (3.8)

3.5.2 Fitness Function

The fitness function evaluates how well the resources match the demand while penal-

izing over-provisioning. The fitness function for individual xi is defined as:

F (xi) =
4∑

j=1

min

(
xi,j

Di,j

, 1

)
− 0.5 ·max

(
4∑

j=1

xi,j

Di,j

− 4, 0

)
(3.9)

where:

• The first term rewards efficient resource matching to demand.

• The second term penalizes excessive over-provisioning of resources.

3.5.3 Genetic Algorithm Process

The genetic algorithm evolves a population of candidate solutions over multiple gen-

erations using initialization, selection, crossover, and mutation operators.

3.5.3.1 Initialization

Each chromosome (individual) is initialized randomly within:

xi,j ∈ [5, 50], j ∈ {vCPU,RAM,Storage, Bandwidth} (3.10)

3.5.3.2 Selection (Tournament Selection)

In each generation, the top 50% of the population is selected based on fitness:

P ′ ⊂ P such that F (x) is maximized (3.11)
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3.5.3.3 Crossover (Single-Point Crossover)

For two parent chromosomes xA and xB, a random crossover point p is selected:

xC = (xA
1 , x

A
2 , . . . , x

A
p , x

B
p+1, . . . , x

B
4 ) (3.12)

This produces a child chromosome xC .

3.5.3.4 Mutation

Each gene (resource parameter) within an individual undergoes mutation with proba-

bility Pm. Mutation perturbs the gene value by a small random amount:

x′
i,j = xi,j + r, r ∈ [−5, 5] (3.13)

The mutation ensures the gene value stays within the valid range:

x′
i,j ∈ [5, 50] (3.14)

3.5.3.5 Evolution Process

The genetic algorithm repeats the selection, crossover, and mutation processes for G

generations, aiming to maximize the fitness function F (x).

3.6 Mathematical Model of the Genetic Algorithm and Static based
Scheduling

3.6.1 Variables

Let the following variables be defined:

• Ti: Task i, where i = 1, 2, . . . , Ntasks

• Vj: Virtual machine j, where j = 1, 2, . . . , NVMs

• Ci,j: Completion time of task i on virtual machine j

• xi,j: Binary decision variable:

xi,j =

⎧⎨
⎩1 if task i is assigned to VM j

0 otherwise

• M : Number of virtual machines

• N : Number of tasks
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3.6.2 Objective Function (Genetic Algorithm)

The goal of the genetic algorithm is to minimize the total completion time across all

tasks. The fitness function is defined as:

F (x) =
N∑
i=1

M∑
j=1

Ci,j · xi,j

The objective is to find the best assignment of tasks to virtual machines that minimizes

this total completion time.

3.6.3 Constraints

The following constraints must hold:

• Each task must be assigned to exactly one virtual machine:

M∑
j=1

xi,j = 1 ∀i ∈ [1, N ]

• Each virtual machine can handle multiple tasks, but the total number of tasks

assigned to a virtual machine should not exceed its processing capacity. This

constraint is implicitly handled in the code.

3.6.4 Genetic Algorithm Details

The genetic algorithm follows these steps:

1. Initialization: A random population of solutions is generated. Each solution

(chromosome) consists of an array of task assignments to virtual machines.

2. Crossover: Pairs of parent solutions are selected, and their task assignments

are combined to create a child solution. The child solution maintains the valid

task-to-VM assignment structure.

3. Mutation: A random mutation modifies the assignment of a task to a different

virtual machine to explore new possible solutions.

4. Selection: The population is sorted by fitness (minimizing completion time),

and the best solutions are retained for the next generation.

5. Termination: The algorithm runs for a set number of generations or until a

convergence criterion is met.
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3.6.5 Static Scheduling

In static scheduling, tasks are assigned to virtual machines in a round-robin fashion.

Specifically, each task Ti is assigned to virtual machine V(i mod NVMs). This approach

ensures that all tasks are assigned but does not optimize for completion time.

3.6.6 Conclusion

The genetic algorithm seeks to minimize the total completion time by dynamically

optimizing the task-to-VM assignment based on the fitness function. In contrast, static

scheduling uses a simple round-robin assignment, disregarding the execution time of

each virtual machine. The fitness function in the genetic algorithm guides the search

for the best task assignments by evaluating the efficiency of each configuration based

on the VM processing power.

3.7 Comparison Between Baseline and Proposed Frameworks

This section highlights the comparison between the existing default framework used

for resource management in 5G edge cloud environments and the intelligent resource

management framework proposed as part of the research. The comparison is aimed at

emphasizing the vital differences between provisioning methodologies, orchestration

strategies, scaling techniques, traffic prediction mechanisms, scheduling algorithms,

and resource utilization

3.7.1 Resource Provisioning Methodology

The conventional setup that uses fixed resource provisioning is the first step in which

the resources are allocated based on the predefined thresholds or the rules that have

been set to be constant. The existing method may end up with either over-provisioning

(resulting in resource wastage) or under-provisioning (leading to performance degra-

dation). The alternative proposed standard works with dynamic resource provisioning

due to a Prophet Machine Learning (ML) model, which predicts the accurate require-

ment of resources based on historical traffic patterns. This kind of predictive method is

supposed to eliminate the risk of resource wastage or resource over-provisioning. As

the result, proposed approach prevent the edge cloud resources from becoming a place

of inefficient utilization.

3.7.2 Resource Orchestration

The current setup of the system is based on a centralized open-loop orchestration

mechanism, which means that the decisions are made at the central controller with-

out real-time feedback from distributed edge nodes. Consequently, this leads to re-
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source fragmentation and inefficiency in managing dynamic workloads. In the sug-

gested framework, the style of operation uses a mix of the centralized and distributed

closed-loop control. This guarantees that the system will provide a dynamic response

to the changes of the conditions at individual edge nodes and at the same time maintain

visibility at a global level and accrue the improvement of resources across the entire

edge infrastructure.

3.7.3 Scaling Methodology

The base plan of the structure is a manual scaling together with the reactive scaling, in

which resources are in charge of the addition and removal only after the demand change

is detected. This reactive functionality causes the addition of latency in scaling, which

could indeed lead to the decrease of Quality of Service (QoS). The proposed architec-

ture comes with improvement of this process by using a proactive scaling approach

that makes use of traffic prediction by the ML model Prophet. Thus, the resources are

already scaled according to the forecasted demand, therefore, the latency is reduced

significantly and besides that the overall system responsiveness and throughput are

enhanced.

3.7.4 Traffic Prediction Mechanism

Predictions of traffic in a baseline-based method are manually done or through static

estimation techniques, which do not cater to the changing behavior of workloads. The

proposed framework replaces this technique with a smart traffic prediction system that

Predictive ML models, which helps the system to predict up the demand surges or

declines and start the appropriate scaling actions ahead of time. This feature that is

proactive supports the self-controlling of the resources and an improvement in the

service reliability by a large margin.

3.7.5 Task Scheduling Algorithms

Task scheduling in the baseline framework is based on well-established algorithms

such as Round Robin (RR), First Come First Serve (FCFS), Shortest Job First (SJF),

and Priority-based scheduling. These methods are straightforward to implement, how-

ever they usually do not utilize resources efficiently when the traffic is complicated or

fluctuating. The scheduling process is automated by the GA and BB technologies of

the proposed framework to the point of being a smart system included in the intelligent,

optimized task placement decisions. The task that is intelligent enough to consider the

following aspects: the size of the job, its priority, the accessibility of the resources, and

the predicted load will provide a better resource optimization strategy.
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3.7.6 Resource Utilization within Edge Nodes

The existing framework provides an average resource utilization of virtually 70-75%

within each edge node. The proposed framework, with predictive provisioning, proac-

tive scaling, and better scheduling, will raise resource utilization to the level of 90-

95%, which will be 15% better in the efficiency of each edge location.

3.7.7 Resource Utilization across Edge Locations

The proposed framework not only concentrate on the improvement of individual nodes,

but it also increases load balancing throughout the edge locations, serving as another

building block in the software stack. The existing framework is strugguling load bal-

ancing and traffic steering mechanisms, which leads to the resource utilization across

the distributed infrastructure being uneven. The proposed framework adds elastic load

balancing and enhanced traffic steering means that workloads will automatically be

sent based on the capacity of a real-time environment and clear forecast of mobility.

It would result in the rest 5-10% remaining resource utilization to be enhanced with

overall edge network.

3.7.8 Summary of Key Benefits

The comparative analysis suggests that the proposed framework being successful in

terms of:

• More accurate resource provisioning, minimizing over- and under-provisioning

• Enhanced resource orchestration via hybrid centralized and distributed control

• Proactively and automatically scaling down the traffic when predictive traffic

insights are available

• Task scheduling brought to perfection with intelligent optimization algorithms

• 15% greater utilization of resources in individual edge nodes

• Enhancement of load balancing and distribution of resources across edge loca-

tions (+5-10%)

These improvements are complementing the enhanced performance,reliability, as well

as the cost-efficient operation of the 5G edge cloud infrastructure attained through the

key objectives of this research.
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CHAPTER 4

SIMULATION AND DATA COLLECTION

The simulation and data collection chapter focuses on simulation setup and system

parameters. It plays a crucial role in validating the proposed demand aware resource

allocation framework for 5G edge cloud networks. This section describes the simula-

tion environment, tools, and key parameters which are used to assess the framework’s

performance under diversified network conditions and traffic demands.

4.1 Simulation Environment

The simulation environment is designed to emulate a optimal realistic 5G edge cloud

network that includes dynamic traffic loads, distributed edge nodes, and heterogeneous

application demands.

1. Simulation Tools:

• CloudSim: A model-driven simulation software that is commonly used to

simulate and model cloud and edge computing environments. It can be

used to assign resources, schedule tasks, and set up the network

• NS-3: A discrete-event network simulator that provides detailed model-

ing of communication networks, including 5G components such as base

stations, edge nodes, and user devices

2. Network Topology:

• Distributed Edge Nodes: Computation tasks are distributed to five edge

nodes across a simulated geographic area in order to maintain low-latency

and handle these tasks.

• Core Cloud: A data center that is centralized is made to offer the stor-

age and processing of backup for tasks that require a lot of computational

power.

• User Devices: Simulated devices such as IoT sensors, AR/VR systems are

used to create virtual traffic pressures in real-time

4.2 Key System Parameters

1. Traffic Patterns:
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• Types of Traffic:

o Latency sensitive: Applications such as AR/VR, requiring ultra low la-

tency (<10ms).

o Bandwidth intensive: Applications such as video streaming, require high

throughput (>10 Mbps).

o IoT Traffic: Low bandwidth, high reliability applications such as smart

sensors

• Traffic Variability: Simulates dynamic traffic patterns which include peak

and off-peak periods, for evaluating the real time adaptability.

2. Resource Characteristics:

• CPU: Each edge node is provisioned with processing capabilities of 10000

MIPS ( Million Instructions Per Second )

• Memory: Compute nodes are configured with 32 GB of RAM to handle

the diversified workloads

• Storgae: Edge cloud nodes are provisioned with local storage capacities of

1 TB

3. Network Parameters:

• Bandwidth The provisioned bandwidth 100 Mbps

• Latency End-to-end latency has to be maintained below 10 ms for latency-

sensitive applications

• Packet Loss Packet loss rates have to be set between 0.1% and 1%, simu-

lating realistic network conditions.

4. Energy Consumption:

• Power Profiles: For each edge node’s power consumption is modeled based

on active and idle states. Further, power usage ranging from 80 W (idle) to

600 W (active)

• Dynamic Voltage Scaling (DVS): Implemented to minimize energy usage

during low-demand periods

5. Privacy Mechanisms:

• Encryption Data transmissions in between user devices and edge nodes are

encrypted using AES protocol.

• Federated Learning Simulates decentralized learning scenarios, ensuring

that sensitive data remains localized
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4.3 Evaluation Metrics

To evaluate the performance of the proposed framework, the following metrics are

considered:

1. Latency: The average execution time of the task is measured to assess the frame-

work’s ability to meet application-specific latency requirements.

2. Throughput: The total amount of data processed per second is used to evaluate

network efficiency

3. Energy Efficiency: Energy consumption per task is analyzed to determine the

framework’s sustainability

4. Task Completion Rate: The percentage of tasks successfully completed within

their deadlines is measured

5. Quality of Service (QoS): User satisfaction and reliability levels are assessed

based on application-specific criteria

4.4 Simulation Scenarios

1. Baseline Comparison: The proposed framework is compared with existing

static and semi dynamic resource allocation strategies

2. Traffic Variability Scenarios: Scenarios include low, medium, and high traffic

loads to test the adaptability of the framework.

4.5 Data Collection Methods

The study depends on synthetic data generated from simulation tools and publicly

available datasets to model realistic 5G edge cloud environments.

1. Synthetic Data Generation:

• Traffic Patterns:

Traffic was generated with different packet size, frequency and TCP/UDP

ports for simulating latency sensitive such as augmented reality, bandwidth-

intensive such as video streaming, and IoT-specific such as sensor data ap-

plications.

Tools such as CloudSim and NS-3 are used to generate synthetic traffic

data with varying loads and patterns.

44



• Resource Availability:

Resource characteristics such as CPU, memory, and bandwidth availability

across edge nodes are generated dynamically to emulate real world edge

computing environments.

2. Real-World Data Sources:

• Public Datasets:

o The accuracy of synthetic traffic generation is validated by using the

information from existing datasets, for instance, those from IoT platforms,

telecommunications systems, or network benchmarking tools.

The list of resources, such as the Open5GCore dataset and public IoT traffic

logs, is one of the things that we can refer to.

• Simulated User Behaviors:

User activities such as turning in tasks and application choices are emulated

and matched to actual circumstances (Chen et al., 2021).

4.6 Pseudocode of the simulation of Traffic Demand Forecast using
Prophet

The actual Python programming code of the simulation of Traffic Demand Forecast

using Prophet is included in Appendix A.
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Algorithm 1 Traffic Demand Forecast using Prophet

1: BEGIN
� Load necessary libraries

2: Import Prophet from prophet

3: Import pandas as pd

4: Import matplotlib.pyplot as plt

� Load historical data

5: Read ’historical_demand_2024.csv’ into DataFrame df
6: Rename column ’timestamp’ to ’ds’ in df
7: Rename column ’traffic_demand_mbps’ to ’y’ in df

� Create and train the Prophet model

8: Initialize model as Prophet()

9: Fit model with df
� Create a future dataframe for prediction

10: Set future_demand = model.make_future_dataframe(periods=90)

� Generate forecast

11: Set forecast_demand = model.predict(future_demand)

� Print the forecasted values

12: Print forecast_demand columns [’ds’, ’yhat’, ’yhat_lower’, ’yhat_upper’]

� Plot the forecast

13: Set fig = model.plot(forecast_demand)

14: Set title to "Forecast the future demand using Prophet"

15: Set xlabel to "timestamp"

16: Set ylabel to "traffic_demand_mbps"

17: Show fig
� Plot the forecast components

18: Set fig_components = model.plot_components(forecast_demand)

19: Show fig_components
20: END
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4.7 Pseudocode of the simulation of Genetic Algorithm based re-
source allocation optimization

Algorithm 2 Genetic Algorithm for Resource Allocation

1: Constants:
2: NUM_EDGE_SITES ← 5
3: POPULATION_SIZE ← 20
4: GENE_LENGTH ← 4 � vCPU, RAM, Storage, Bandwidth

5: MUTATION_RATE ← 0.1
6: GENERATIONS ← 50
7: Demand for each edge site:
8: demand ← {(30, 200, 10, 100), (25, 180, 12, 90), (40, 220, 15, 120), (35, 210, 14, 110), (28, 190, 1

for i← 1 to NUM_EDGE_SITES do
9:

optimizedAllocation ← GeneticAlgorithm(demand[i])
10: Print "Optimized Resources for Edge Site i:", optimizedAllocation

11:

Algorithm 3 Fitness Function

1: function FITNESS(individual, demand)

2: (vcpu, ram, storage, bandwidth)← individual

3: (demandVcpu, demandRam, demandStorage, demandBandwidth)← demand

4: score ←∑4
i=1 min

(
individual[i]
demand[i]

, 1
)

5: overprovisioning ←∑4
i=1

individual[i]
demand[i]

− 4

6: score ← score−max(overprovisioning, 0)× 0.5
7: return max(score, 0)
8: end function

Algorithm 4 Initialize Population

1: function INITIALIZEPOPULATION

2: population ← ∅ for i← 1 to POPULATION_SIZE do
3:

individual ← Random array of size GENE_LENGTH with values in [5, 50]
4: Append individual to population

5:

6: return population

7: end function
The actual CloudSim based Java programming code of the simulation of Genetic

Algorithm based resource allocation optimization is included in Appendix B.
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Algorithm 5 Selection (Tournament Selection)

1: function SELECTION(population, demand)

2: Sort population by descending fitness score

3: return Top 50% of population

4: end function

Algorithm 6 Crossover (Single-Point)

1: function CROSSOVER(parent1, parent2)

2: point ← Random integer in [1,GENE_LENGTH− 1]
3: child1 ← parent1[0 : point] + parent2[point : GENE_LENGTH]
4: child2 ← parent2[0 : point] + parent1[point : GENE_LENGTH]
5: return child1, child2

6: end function

Algorithm 7 Mutation

1: function MUTATE(individual) if Random float in [0, 1] < MUTATION_RATE then
2:

idx ← Random integer in [0,GENE_LENGTH− 1]
3: individual[idx] ← max(5, individual[idx]+ Random integer in [−5, 5])
4:

5: return individual

6: =0

Algorithm 8 Genetic Algorithm Optimization

1: function GENETICALGORITHM(demand)

2: population ← InitializePopulation() for generation ← 1 to GENERATIONS do
3:

selected ← Selection(population, demand)
4: nextGen ← ∅ while |nextGen| < POPULATION_SIZE do
5:

parent1 ← Random choice from selected

6: parent2 ← Random choice from selected

7: children ← Crossover(parent1, parent2)
8: Append Mutate(children[0]) to nextGen

9: Append Mutate(children[1]) to nextGen

10:

11: population ← nextGen[0 : POPULATION_SIZE]
12:

13: return Best individual in population based on fitness

14: end function=0
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4.8 Pseudocode of the simulation of Baseline and Genetic Algorithm
based task scheduling

Algorithm 9 Main Execution

1: Constants: NUM_COMPUTES = 5, NUM_VMS = 5, NUM_TASKS = 50

2: Function main()
3: Print "Running Static Scheduling"

4: runSimulation(USE_GENETIC_ALGORITHM = FALSE)

5: Print "Running Genetic Algorithm Scheduling"

6: runSimulation(USE_GENETIC_ALGORITHM = TRUE)

7:

Algorithm 10 Simulation Execution

1: Function runSimulation(USE_GENETIC_ALGORITHM)
2: Initialize CloudSim simulation

3: Create DatacenterBrokerSimple broker

4: Create hostList← createHosts(NUM_COMPUTES)
5: Create DatacenterSimple with hostList and VmAllocationPolicySimple

6: Create vmList← createVms(NUM_VMS)
7: Submit vmList to broker

8: Create cloudletList← createCloudlets(NUM_TASKS)
if USE_GENETIC_ALGORITHM then

9:

optimizeWithGeneticAlgorithm(cloudletList, vmList)
else

10:

assignTasksStatic(cloudletList, vmList)
11:

12: Submit cloudletList to broker

13: Start simulation

14: Display results using CloudletsTableBuilder

15: printResults(cloudletList)
16:

The actual CloudSim based Java programming code of the simulation of Baseline

and Genetic Algorithm based task scheduling is included in Appendix C.
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Algorithm 11 Creating Hosts

1: Function createHosts(numHosts)
2: Initialize empty hostList for i← 0 to numHosts-1 do
3:

Create PE with 10000 MIPS

4: Create host with RAM=32GB, BW=100Mbps, STORAGE=1TB, and PE list

5: Set VmScheduler as TimeShared

6: Add host to hostList
7:

8: return hostList
9:

Algorithm 12 Creating VMs

1: Function createVms(numVms)
2: Initialize empty vmList for i← 0 to numVms-1 do
3:

Create VM with MIPS=5000, PEs=1

4: Set RAM=8GB, BW=10Mbps, STORAGE=100GB

5: Set CloudletScheduler as SpaceShared

6: Add VM to vmList
7:

8: return vmList
9:

Algorithm 13 Assigning Tasks Statically

1: Function assignTasksStatic(cloudlets, vms) for i ← 0 to
cloudlets.size-1 do

2:

Assign cloudlets[i] to vms[i % vms.size]
3:

4:
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Algorithm 14 Genetic Algorithm Optimization

1: Function optimizeWithGeneticAlgorithm(cloudlets, vms)
2: Define constants: POP_SIZE = 20, GEN_COUNT = 50, MUTATION_RATE = 10

3: Initialize population with initializePopulation(POP_SIZE,
cloudlets.size, vms.size) for gen← 0 to GEN_COUNT-1 do

4:

Sort population by descending fitness

5: Create empty newPop for each parent pair in top half of population do
6:

Select two parents randomly

7: Create child using crossover(parent1, parent2) if random value <
MUTATION_RATE then

8:

mutate(child, vms.size)
9:

10: Add child to newPop
11:

12: population← newPop
13:

14: Select bestSolution from population for i← 0 to cloudlets.size-1
do

15:

Assign cloudlets[i] to vms[bestSolution[i] % vms.size]
16:

17:

Algorithm 15 Crossover Function

1: Function crossover(parent1, parent2)
2: Initialize child array

3: Set crossoverPoint as half of chromosome length

4: Copy first half from parent1 to child
5: Copy second half from parent2 to child
6: return child
7:

Algorithm 16 Mutation Function

1: Function mutate(chromosome, numVms)
2: Select random index in chromosome
3: Assign new random VM index to that position

4:
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Algorithm 17 Fitness Calculation

1: Function fitness(chromosome, cloudlets, vms)
2: Initialize totalCompletionTime = 0 for i← 0 to cloudlets.size-1 do
3:

Add VM processing power (MIPS) to totalCompletionTime
4:

5: return totalCompletionTime
6:

Algorithm 18 Printing Results

1: Function printResults(cloudlets)
2: Compute avgCompletionTime as average of cloudlet finish times

3: Print "Average Completion Time: " + avgCompletionTime
4:
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4.9 NS-3 simulation

The NS-3 simulation program was created to model an IoT-based 5G network with

multiple IoT devices, base stations, an edge server, and a cloud node. The fundamen-

tal goal of the program is to analyze network performance metrics such as Bit Error

Rate (BER), Packet Error Rate (PER), latency, and throughput using FlowMonitor for

baseline and proposed framework based approaches. The detail C++ program coding

of the above simulation is available in Appendix D

4.10 Summary

The simulation setup and system parameters are carefully designed to replicate realis-

tic 5G edge cloud environments, ensuring the validity and reliability of the proposed

framework’s evaluation. By employing advanced simulation tools, diverse scenarios,

and comprehensive metrics, the study provides actionable insights into the perfor-

mance and scalability of demand-aware optimal resource allocation strategies at 5G

edge cloud environment. The data collection employed in this study ensure the robust-

ness, reliability, and practical relevance of the proposed demand-aware resource allo-

cation framework. By combining synthetic data, real-world datasets,the study provides

a comprehensive assessment of the framework’s performance under diverse scenarios.
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CHAPTER 5

RESULTS AND DISCUSSION

5.1 Introduction

This chapter presents the results of both the baseline and the demand-aware optimal

resource allocation framework for 5G edge cloud networks, followed by an in-depth

discussion of the our research findings. The analysis is centered on key performance

metrics such as latency, throughput, and other quality of service (QoS), evaluated under

various scenarios. The results are derived from simulations conducted in a realistic 5G

edge cloud environment. The performance of the proposed framework is compared

against baseline models to demonstrate its effectiveness.

5.2 Performance Metrics and Simulation Results

Performance evaluation is done on the basis of latency, throughput, and QoS. Latency

analysis, as well as the primary indicators of the framework’s optimization capabilities,

are the topics of this section.

5.2.1 Latency Analysis

Latency is defined as the time taken for completing a task from submission to execu-

tion stage. It is a critical metric in 5G edge network system.

Objective
Evaluating the ability of the framework to minimize the latency under diversified traf-

fic loads and resource provisioning levels.

Analysis and Results

• Scenario 1: Low Traffic Load Under low traffic conditions, the framework

achieves near-optimal latency by effectively predicting and pre-allocating re-

sources.

o Baseline Latency: 20 ms

o Framework Latency: 12 ms (40 % reduction)

• Scenario 2: High Traffic Load During peak traffic, latency remains manageable

due to dynamic task scheduling and load balancing.

o Baseline Latency: 50 ms

o Framework Latency: 30 ms (40 % reduction)
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Fig. 5.1: Latency Comparison

• The dynamic scheduling mechanisms of the framework significantly reduce la-

tency by proactively allocating resources.

• Effective load balancing ensures that no single edge node is overwhelmed. Fur-

ther, it contributes to lower latency

5.2.2 Throughput and Bandwidth Utilization Analysis

Throughput and bandwidth utilization are the top most critical metrics for evaluating

the effectiveness of the data transmission within the 5G edge cloud system. Through-

put metric measures the rate at which data is successfully processed and transmitted

over the system, while bandwidth utilization metric evaluates how network resources

are used effectively.

Objective
Evaluating the ability of proposed framework to maximize throughput and optimize

bandwidth utilization under varying traffic conditions.

Scenario 1: Low Traffic Load
•Baseline Throughput: 800 Mbps

•Framework Throughput: 950 Mbps (18.75 % of increase)

•Bandwidth Utilization: 85 % of available capacity)

Scenario2: High Traffic Load
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•Baseline Throughput: 1200 Mbps

•Framework Throughput: 1450 Mbps (20.83 % of increase)

•Bandwidth Utilization: 92 % of available capacity)

Fig. 5.2: Throughput Comparison

The framework achieves higher throughput due to efficient task scheduling , optimal

resource allocation and load balancing.

5.2.3 Simulation Results of Traffic Demand Forecast using Prophet

Firstly, the Fig.5.3 depicts the data points of the past 12 months and prediction of the

demand trend for next 90 days. Secondly, Fig.5.4 illustrates the demand prediction

weekly and daily basis.

5.2.4 Simulation results of Genetic Algorithm based resource allocation opti-
mization and the fitness values

Firstly, the Fig.5.5 depicts the optimal resource allocation in terms of vCPU,RAM,Storage

and Bandwidth across five edge data centers based on the sample demand. Secondly,

Fig.5.6 shows the fitness values of genetic algorithm-based optimization over genera-

tions for each five edge data centers.
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Fig. 5.3: Prophet based demand prediction Annual

Fig. 5.4: Prophet based demand prediction Weekly and daily
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Fig. 5.5: Genetic Algorithm based resource allocation optimization

Fig. 5.6: Fitness values over generations
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5.2.5 Simulation results of Round robin and Genetic Algorithm based task schedul-
ing and execution

• Round Robin results

Total number of Task(Cloudlets) = 50

Total execution time = 30 seconds

• Genetic Algorithm results

Total number of Task(Cloudlets) = 50

Total execution time = 26 seconds

• Performance Improvement

Task execution latency reduction for 50 Tasks = 4 seconds

Latency reduction around 14%
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Fig. 5.7: Round robin based task scheduling and execution
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Fig. 5.8: Genetic Algorithm based task scheduling and execution
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5.3 Comparative Analysis with Existing Techniques

The comparative analysis assesses the performance of proposed framework against

existing traditional resource allocation techniques in 5G edge cloud system. This com-

parison crastral clearly highlights the strengths, innovations and the modernization that

are introduced by the proposed framework.

Comparison Criteria

1. Latency Reduction:

• Existing Techniques Static allocation and heuristic-based methods often

fail to adapt to dynamic traffic changes, leading to increased latency.

• Proposed Framework Dynamic task scheduling and load balancing reduce

latency by up to 40%

2. Throughput and Bandwidth Utilization:

• Existing Techniques Suboptimal task distribution results in lower through-

put and inefficient bandwidth use.

• Proposed Framework Achieves up to 20% higher throughput with over

90% bandwidth utilization.

Summary Table

Metric Existing Techniques Proposed Framework Improvement (%)
Latency Reduction 20% 40% +20%

Throughput 75% 90% +15%

TABLE 5.1: Comparison of Existing Techniques and Proposed Framework

5.4 Impact of Algorithm on Resource Allocation Efficiency

The hybrid optimization algorithm integrates genetic algorithms (GA) and branch-and-

bound (BB) methods, offering:

• Dynamic Adaptability Real-time adjustment of task allocation based on traffic

predictions

• Efficient Resource Utilization Nodes with underutilized resources are effectively

leveraged, improving QoS.

The algorithm’s multi-objective approach ensures that resource allocation decisions

account for latency, and bandwidth simultaneously. This holistic strategy outperforms

conventional single-objective methods.
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5.5 Practical Implications for 5G Edge Networks

The framework’s real-world applicability is evident in its ability to address key chal-

lenges in 5G edge networks.

Implications for Network Operators:

• Cost Savings: Energy-efficient operations, reduce operational costs

• Enhanced QoS Improved latency and throughput translate to better user experi-

ences

Implications for End-Users:

• Faster Applications Low-latency performance supports critical applications such

as AR/VR and autonomous vehicles and high throughput to broadband users.
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CHAPTER 6

CONCLUSION AND RECOMMENDATIONS

This chapter summarizes the main findings of the investigation. Further, it discusses

its consequences for 5G edge cloud environment and provides actionable recommen-

dations for stakeholders. In addition to that it concludes by pointing out potential

directions for future researches.

6.1 Summary of Key Findings

This research focused on the development and evaluation of a evolutionary demand-

aware optimal resource allocation framework for 5G edge cloud networks. Further, it

integrated advanced algorithms such as genetic algorithm , branch and bound mecha-

nisms to optimize the performance metrics such as latency, energy efficiency, through-

put, and privacy preservation. The key findings are below:

6.1.1 Improved Latency

• The proposed framework significantly reduced average latency:

o Low Traffic Scenarios: A reduction of 40% compared to baseline models.

o High Traffic Scenarios: A reduction of 39%, maintaining ultra-low latency

critical for real-time applications like AR/VR and autonomous vehicles.

• Key Contribution:

Dynamic task scheduling and load balancing mechanisms ensured that tasks

were distributed efficiently among edge nodes, avoiding congestion and delays.

6.1.2 Higher Throughput and Bandwidth Utilization

• The framework achieved:

o Low Traffic: Throughput improved by 18.75%.

o High Traffic: Throughput increased by 20%, with over 90% bandwidth utiliza-

tion.
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6.2 Summary of Baseline vs Proposed Frameworks

Parameters/Attributes Baseline Frame-
work

Proposed
Framework

Impacts of Pro-
posed Frame-
work

Resources provision

methodology

Static resource

provision

Dynamic re-

source provi-

sioning based

on Prophet ML

model

Avoid over provi-

sioning & under

provisioning

Resource Orchestration Centralized open

loop

Centralized

& Distributed

closed loop

Reduce resource

fragmentation &

effective resource

utilization

Scaling methodology Manual scaling +

Reactive scaling

Dynamic Scaling

+ Proactive scal-

ing

Reduce latency,

Increase through-

put

Traffic prediction Manual Automatic Proactive auto

scaling

Task scheduling Algo-

rithms

RR, FCFS, SJF,

Priority based

RR, FCFS, SJF,

Priority based

+GA & BB

Enhanced op-

timization of

resources

Resource utilization

within Edge location

nodes

∼70-75% ∼90-95% +15% higher

Resource utilization

across Edge locations

Limited load bal-

ancing and traffic

steering capabili-

ties

Elastic load bal-

ancing and higher

traffic steering

capabilities

+5-10% more re-

source utilization

TABLE 6.1: Comparison of Baseline and Proposed Frameworks

6.3 Recommendations for Industry Practitioners

From the findings and contributions of this research, several operative recommenda-

tions can be mentioned to such technology developers as network operators, cloud

service providers, and system architects. The overarching priority of these recommen-

dations is to optimize resource allocation, the user experience and to deal with the

major issues of 5G edge cloud networks.
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6.3.1 Invest in Training and Skill Development

• Training for Operators and Engineers: Provide specialized training to ensure

that personnel understand and can effectively implement advanced optimization

techniques.

• Collaboration with Academia Partner with research institutions to stay updated

on the latest advancements in 5G technologies and resource management

Summary Industry practitioners can adopt these recommendations to optimize the

performance and sustainability of 5G edge cloud networks. By integrating advanced

optimization techniques, enhancing privacy protocols, and focusing on scalability, they

can address the challenges of next-generation networks while improving user experi-

ence and operational efficiency.

6.4 Future Research Directions

This section outlines potential areas for future research that build on the findings and

contributions of this study. These directions aim to address emerging challenges, ex-

pand the framework’s applicability, and incorporate advancements in technology to

further enhance 5G edge cloud networks.

6.4.1 Integration with Emerging Technologies

• Artificial Intelligence (AI) and Machine Learning (ML): Future research can

focus on developing more advanced AI/ML models for traffic prediction, task

scheduling, and anomaly detection. Reinforcement learning, for instance, could

enable adaptive decision-making in real time.

• Blockchain Technology: Blockchain can be integrated to enhance data integrity,

security, and transparency in resource allocation and task management.

• Quantum Computing: Investigating the use of quantum algorithms for complex

optimization problems in large-scale networks could significantly enhance com-

putational efficiency

6.4.2 Expansion to Beyond 5G and 6G Networks

– Future Network Architectures: Research should explore how the frame-

work can be adapted to handle the demands of beyond 5G (B5G) and 6G

networks, such as extreme data rates, ultra-low latency, and massive con-

nectivity.
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– Satellite and UAV Networks: Incorporating satellite and unmanned aerial

vehicle (UAV) networks as part of edge-cloud ecosystems could expand

the geographical reach and reliability of resource allocation frameworks.

6.4.3 Policy and Regulatory Considerations

• Frameworks for Global Standards: Research should address how the framework

can comply with diverse regulatory requirements across different regions, pro-

moting interoperability.

• Ethical Implications: Investigating the ethical implications of resource allocation

decisions, such as fairness and bias, could enhance societal acceptance of the

technology

Summary

The future research directions outlined above provide a roadmap for advancing the

capabilities and applications of resource allocation frameworks in 5G and beyond.

By integrating emerging technologies, addressing sustainability goals, and adapting

to new network architectures, future studies can further enhance the efficiency, scala-

bility, and impact of these frameworks.
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.1 Appendix A

Fig. .1: Python code for Prophet based demand prediction
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.2 Appendix B

1 /*
2 * Click nbfs://nbhost/SystemFileSystem/Templates/Licenses/license-

default.txt to change this license

3 * Click nbfs://nbhost/SystemFileSystem/Templates/Classes/Class.java

to edit this template

4 */

5 package com.mycompany.mavenproject2;

6

7 /**
8 *
9 * @author siva

10 */

11

12

13 import java.util.*;

14

15 public class GeneticAlgorithm {

16

17 // Parameters

18 private static final int NUM_EDGE_SITES = 5;

19 private static final int POPULATION_SIZE = 20;

20 private static final int GENE_LENGTH = 4; // [vCPU, RAM,

Storage, Bandwidth]

21 private static final double MUTATION_RATE = 0.1;

22 private static final int GENERATIONS = 50;

23

24 public static void main(String[] args) {

25 // Example demand per edge site

26 int[][] demand = {

27 {30, 200, 10, 100}, // Site 1

28 {25, 180, 12, 90}, // Site 2

29 {40, 220, 15, 120}, // Site 3

30 {35, 210, 14, 110}, // Site 4

31 {28, 190, 11, 95} // Site 5

32 };

33

34 // Run GA for each edge site

35 for (int i = 0; i < NUM_EDGE_SITES; i++) {

36 int[] optimizedAllocation = geneticAlgorithm(demand[i]);

37 System.out.printf("Optimized Resources for Edge Site %d:

vCPUs=%d, RAM=%dGB, Storage=%dTB, Bandwidth=%dGbps%n

",

38 i + 1, optimizedAllocation[0],

optimizedAllocation[1], optimizedAllocation

[2], optimizedAllocation[3]);

39 }
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40 }

41

42 // Fitness function calculates the fitness based on demand

satisfaction and efficiency.

43 public static double fitness(int[] individual, int[] demand) {

44 int vcpu = individual[0], ram = individual[1], storage =

individual[2], bandwidth = individual[3];

45 int demandVcpu = demand[0], demandRam = demand[1],

demandStorage = demand[2], demandBandwidth = demand[3];

46

47 // Fitness is higher if resources meet demand while

minimizing waste

48 double score = Math.min((double) vcpu / demandVcpu, 1) +

Math.min((double) ram / demandRam, 1)

49 + Math.min((double) storage / demandStorage, 1) +

Math.min((double) bandwidth / demandBandwidth, 1)

;

50

51 // Penalize excessive resource allocation (wastage)

52 double overprovisioning = ((double) vcpu / demandVcpu + (

double) ram / demandRam + (double) storage /

demandStorage + (double) bandwidth / demandBandwidth) -

4;

53 score -= Math.max(overprovisioning, 0) * 0.5;

54

55 return Math.max(score, 0); // Ensure non-negative fitness

56 }

57

58 // Initializes the population with random individuals.

59 public static List<int[]> initializePopulation() {

60 Random rand = new Random();

61 List<int[]> population = new ArrayList<>();

62 for (int i = 0; i < POPULATION_SIZE; i++) {

63 int[] individual = new int[GENE_LENGTH];
64 for (int j = 0; j < GENE_LENGTH; j++) {

65 individual[j] = rand.nextInt(46) + 5; // Random

values between 5 and 50

66 }

67 population.add(individual);

68 }

69 return population;

70 }

71

72 // Selects parents using tournament selection (top 50% based on

fitness).

73 public static List<int[]> selection(List<int[]> population, int
[] demand) {
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74 population.sort((ind1, ind2) -> Double.compare(fitness(ind2,

demand), fitness(ind1, demand)));

75 return population.subList(0, population.size() / 2); // Top

50% survive

76 }

77

78 // Performs single-point crossover.

79 public static List<int[]> crossover(int[] parent1, int[] parent2

) {

80 Random rand = new Random();

81 int point = rand.nextInt(GENE_LENGTH - 1) + 1; // Random

crossover point

82 int[] child1 = new int[GENE_LENGTH];
83 int[] child2 = new int[GENE_LENGTH];
84

85 System.arraycopy(parent1, 0, child1, 0, point);

86 System.arraycopy(parent2, point, child1, point, GENE_LENGTH

- point);

87 System.arraycopy(parent2, 0, child2, 0, point);

88 System.arraycopy(parent1, point, child2, point, GENE_LENGTH

- point);

89

90 return Arrays.asList(child1, child2);

91 }

92

93 // Mutates an individual with a certain mutation rate.

94 public static int[] mutate(int[] individual) {

95 Random rand = new Random();

96 if (rand.nextDouble() < MUTATION_RATE) {

97 int idx = rand.nextInt(GENE_LENGTH);

98 individual[idx] = Math.max(5, individual[idx] + rand.

nextInt(11) - 5); // Mutate by -5 to +5, ensuring >=

5

99 }

100 return individual;

101 }

102

103 // Runs the GA optimization for resource allocation.

104 public static int[] geneticAlgorithm(int[] demand) {

105 List<int[]> population = initializePopulation();

106 for (int generation = 0; generation < GENERATIONS;

generation++) {

107 List<int[]> selected = selection(population, demand);

108 List<int[]> nextGen = new ArrayList<>();

109 Random rand = new Random();

110

111 while (nextGen.size() < POPULATION_SIZE) {
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112 int[] parent1 = selected.get(rand.nextInt(selected.

size()));

113 int[] parent2 = selected.get(rand.nextInt(selected.

size()));

114 List<int[]> children = crossover(parent1, parent2);

115 nextGen.add(mutate(children.get(0)));

116 nextGen.add(mutate(children.get(1)));

117 }

118

119 population = nextGen.subList(0, POPULATION_SIZE);

120 }

121

122 // Find the best solution

123 return population.stream()

124 .max(Comparator.comparingDouble(ind -> fitness(ind,

demand)))

125 .orElseThrow(() -> new RuntimeException("No solution

found"));

126 }

127 }

Listing 1: CloudSim based Java programming code of the simulation of Genetic

Algorithm based resource allocation optimization

.3 Appendix C

1 /*
2 * Click nbfs://nbhost/SystemFileSystem/Templates/Licenses/license-

default.txt to change this license

3 * Click nbfs://nbhost/SystemFileSystem/Templates/Classes/Class.java

to edit this template

4 */

5 package com.mycompany.mavenproject2;

6

7 /**
8 * @author siva

9 */

10

11 import org.cloudbus.cloudsim.allocationpolicies.

VmAllocationPolicySimple;

12 import org.cloudbus.cloudsim.brokers.DatacenterBrokerSimple;

13 import org.cloudbus.cloudsim.core.CloudSim;

14 import org.cloudbus.cloudsim.datacenters.DatacenterSimple;

15 import org.cloudbus.cloudsim.hosts.HostSimple;

16 import org.cloudbus.cloudsim.resources.PeSimple;

17 import org.cloudbus.cloudsim.schedulers.cloudlet.

CloudletSchedulerSpaceShared;
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18 import org.cloudbus.cloudsim.schedulers.vm.VmSchedulerTimeShared;

19 import org.cloudbus.cloudsim.utilizationmodels.

UtilizationModelDynamic;

20 import org.cloudbus.cloudsim.vms.VmSimple;

21 import org.cloudbus.cloudsim.cloudlets.CloudletSimple;

22 import org.cloudsimplus.builders.tables.CloudletsTableBuilder;

23 import org.cloudbus.cloudsim.resources.Pe;

24 import org.cloudbus.cloudsim.vms.Vm;

25

26 import java.util.ArrayList;

27 import java.util.List;

28 import java.util.Random;

29

30 public class GeneticAlgorithmVsStatic {

31 private static final int NUM_COMPUTES = 5;

32 private static final int NUM_VMS = 5;

33 private static final int NUM_TASKS = 50;

34

35 public static void main(String[] args) {

36 System.out.println("========= Running Static Scheduling

=========");

37 runSimulation(false);
38

39 System.out.println("\n========= Running Genetic Algorithm

Scheduling =========");

40 runSimulation(true);
41 }

42

43 private static void runSimulation(boolean useGeneticAlgorithm) {

44 CloudSim simulation = new CloudSim();

45 DatacenterBrokerSimple broker = new DatacenterBrokerSimple(

simulation);

46 List<HostSimple> hostList = createHosts(NUM_COMPUTES);

47 DatacenterSimple datacenter = new DatacenterSimple(

simulation, hostList, new VmAllocationPolicySimple());

48

49 List<Vm> vmList = createVms(NUM_VMS);

50 broker.submitVmList(vmList);

51

52 List<CloudletSimple> cloudletList = createCloudlets(

NUM_TASKS);

53

54 if (useGeneticAlgorithm) {

55 optimizeWithGeneticAlgorithm(cloudletList, vmList);

56 } else {

57 assignTasksStatic(cloudletList, vmList);

58 }

59
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60 broker.submitCloudletList(cloudletList);

61 simulation.start();

62

63 new CloudletsTableBuilder(broker.getCloudletFinishedList()).

build();

64 printResults(cloudletList);

65 }

66

67 private static List<HostSimple> createHosts(int numHosts) {

68 List<HostSimple> hostList = new ArrayList<>();

69

70 for (int i = 0; i < numHosts; i++) {

71 List<Pe> peList = new ArrayList<>();

72 peList.add(new PeSimple(10000)); // PE with 10,000 MIPS

73

74 // Host configuration

75 long ram = 32000; // 32 GB

76 long bw = 100000; // 100 Mbps

77 long storage = 1000000; // 1 TB

78

79 HostSimple host = new HostSimple(ram, bw, storage,

peList);

80 host.setVmScheduler(new VmSchedulerTimeShared());

81

82 hostList.add(host);

83 }

84 return hostList;

85 }

86

87 private static List<Vm> createVms(int numVms) {

88 List<Vm> vmList = new ArrayList<>();

89

90 for (int i = 0; i < numVms; i++) {

91 int mips = 5000; // VM MIPS

92 int pes = 1; // CPU Cores

93 long ram = 8000; // 8 GB

94 long bw = 10000; // 10 Mbps

95 long size = 100000; // 100 GB

96

97 VmSimple vm = new VmSimple(mips, pes);

98 vm.setRam(ram).setBw(bw).setSize(size);

99 vm.setCloudletScheduler(new CloudletSchedulerSpaceShared

()); // Set Cloudlet Scheduler

100

101 vmList.add(vm);

102 }

103 return vmList;

104 }

78



105

106 private static List<CloudletSimple> createCloudlets(int
numCloudlets) {

107 List<CloudletSimple> cloudletList = new ArrayList<>();

108

109 for (int i = 0; i < numCloudlets; i++) {

110 CloudletSimple cloudlet = new CloudletSimple(1000, 1);

111 cloudlet.setUtilizationModel(new UtilizationModelDynamic

(0.5));

112 cloudletList.add(cloudlet);

113 }

114 return cloudletList;

115 }

116

117 private static void assignTasksStatic(List<CloudletSimple>

cloudlets, List<Vm> vms) {

118 for (int i = 0; i < cloudlets.size(); i++) {

119 cloudlets.get(i).setVm(vms.get(i % vms.size()));

120 }

121 }

122

123 private static void optimizeWithGeneticAlgorithm(List<

CloudletSimple> cloudlets, List<Vm> vms) {

124 final int POP_SIZE = 20, GEN_COUNT = 50, MUTATION_RATE = 10;

125 List<int[]> population = initializePopulation(POP_SIZE,

cloudlets.size(), vms.size());

126 Random random = new Random();

127

128 for (int gen = 0; gen < GEN_COUNT; gen++) {

129 population.sort((a, b) -> Double.compare(fitness(b,

cloudlets, vms), fitness(a, cloudlets, vms)));

130 List<int[]> newPop = new ArrayList<>();

131

132 for (int i = 0; i < POP_SIZE / 2; i++) {

133 int[] parent1 = population.get(random.nextInt(

POP_SIZE / 2));

134 int[] parent2 = population.get(random.nextInt(

POP_SIZE / 2));

135 int[] child = crossover(parent1, parent2);

136

137 if (random.nextInt(100) < MUTATION_RATE) {

138 mutate(child, vms.size());

139 }

140 newPop.add(child);

141 }

142 population = newPop;

143 }

144
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145 int[] bestSolution = population.get(0);

146 for (int i = 0; i < cloudlets.size(); i++) {

147 cloudlets.get(i).setVm(vms.get(bestSolution[i] % vms.

size()));

148 }

149 }

150

151 private static List<int[]> initializePopulation(int size, int
numTasks, int numVms) {

152 List<int[]> population = new ArrayList<>();

153 Random random = new Random();

154

155 for (int i = 0; i < size; i++) {

156 int[] chromosome = new int[numTasks];
157 for (int j = 0; j < numTasks; j++) {

158 chromosome[j] = random.nextInt(numVms);

159 }

160 population.add(chromosome);

161 }

162 return population;

163 }

164

165 private static int[] crossover(int[] parent1, int[] parent2) {

166 int[] child = new int[parent1.length];
167 int crossoverPoint = parent1.length / 2;

168

169 System.arraycopy(parent1, 0, child, 0, crossoverPoint);

170 System.arraycopy(parent2, crossoverPoint, child,

crossoverPoint, parent1.length - crossoverPoint);

171

172 return child;

173 }

174

175 private static void mutate(int[] chromosome, int numVms) {

176 Random random = new Random();

177 chromosome[random.nextInt(chromosome.length)] = random.

nextInt(numVms);

178 }

179

180 private static double fitness(int[] chromosome, List<

CloudletSimple> cloudlets, List<Vm> vms) {

181 double totalCompletionTime = 0;

182 for (int i = 0; i < cloudlets.size(); i++) {

183 totalCompletionTime += vms.get(chromosome[i] % vms.size

()).getMips();

184 }

185 return totalCompletionTime;

186 }
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187

188 private static void printResults(List<CloudletSimple> cloudlets)

{

189 double avgCompletionTime = cloudlets.stream().mapToDouble(

CloudletSimple::getFinishTime).average().orElse(0);

190 System.out.println("Average Completion Time: " +

avgCompletionTime);

191 }

192 }

Listing 2: CloudSim based Java programming code of the simulation for comparing

the baseline approach and Genetic Algorithm based task scheduling approach

.4 Appendix D

Listing 3: NS-3 C++ programming code of 5G RAN network simulation, traffic

generation, performance metrics collection and analysis

1 #include "ns3/core-module.h"

2 #include "ns3/network-module.h"

3 #include "ns3/internet-module.h"

4 #include "ns3/mobility-module.h"

5 #include "ns3/point-to-point-module.h"

6 #include "ns3/ipv4-global-routing-helper.h"

7 #include "ns3/lte-module.h"

8 #include "ns3/applications-module.h"

9 #include "ns3/flow-monitor-helper.h"

10 #include "ns3/ipv4-flow-classifier.h"

11

12 using namespace ns3;

13

14

15

16 void CalculateBer2(Ptr<FlowMonitor> monitor) {

17 std::cout << "Enter into the CalcuateBer2 function" << std

::endl;

18 // Retrieve the classifier from FlowMonitorHelper

19 FlowMonitorHelper flowmonHelper; // Ensure it matches your

flow monitor setup

20 Ptr<Ipv4FlowClassifier> classifier = DynamicCast<

Ipv4FlowClassifier>(flowmonHelper.GetClassifier());

21

22 // Ensure monitor and classifier are valid
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23 if (!monitor || !classifier) {

24 std::cerr << "Error: Invalid FlowMonitor or Classifier

." << std::endl;

25 return;

26 }

27

28 FlowMonitor::FlowStatsContainer stats = monitor->

GetFlowStats();

29 for (auto iter = stats.begin(); iter != stats.end(); ++

iter) {

30 Ipv4FlowClassifier::FiveTuple t = classifier->FindFlow

(iter->first);

31 std::cout << "Flow ID: " << iter->first

32 << " (" << t.sourceAddress << " -> " << t.

destinationAddress << ")" << std::endl;

33 // Add logic to calculate BER and display results

34 }

35 }

36

37 void CalculateBer4(Ptr<FlowMonitor> monitor, FlowMonitorHelper

& flowHelper) {

38 std::cout << "Entering CalculateBer3 function" << std::

endl;

39

40 // Retrieve the classifier from FlowMonitorHelper

41 Ptr<Ipv4FlowClassifier> classifier = DynamicCast<

Ipv4FlowClassifier>(flowHelper.GetClassifier());

42

43 if (!classifier) {

44 std::cerr << "Error: Classifier is null!" << std::endl

;

45 return;

46 }

47

48 FlowMonitor::FlowStatsContainer stats = monitor->

GetFlowStats();

49

50 for (auto iter = stats.begin(); iter != stats.end(); ++

iter) {

51 Ipv4FlowClassifier::FiveTuple t = classifier->FindFlow

(iter->first);

52 std::cout << "Flow ID: " << iter->first
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53 << " (" << t.sourceAddress << " -> " << t.

destinationAddress << ")" << std::endl;

54 std::cout << " Tx Packets: " << iter->second.

txPackets << std::endl;

55 std::cout << " Rx Packets: " << iter->second.

rxPackets << std::endl;

56 std::cout << " Throughput: "

57 << (iter->second.rxBytes * 8.0 / (iter->

second.timeLastRxPacket.GetSeconds() -

iter->second.timeFirstTxPacket.GetSeconds

())) / 1e6

58 << " Mbps" << std::endl;

59 double transmittedBits = iter->second.txBytes * 8.0;

// Bytes to bits

60 double receivedBits = iter->second.rxBytes * 8.0;

61 double errorBits = transmittedBits - receivedBits;

62

63 double ber = (errorBits / transmittedBits) * 100.0; //

BER in percentage

64 std::cout << "Flow ID: " << iter->first << ", BER: "

<< ber << "%" << std::endl;

65 }

66 }

67

68 void CalculateLatency(Ptr<FlowMonitor> monitor,

FlowMonitorHelper& flowHelper) {

69

70 // Retrieve the classifier from FlowMonitorHelper

71 Ptr<Ipv4FlowClassifier> classifier = DynamicCast<

Ipv4FlowClassifier>(flowHelper.GetClassifier());

72

73 if (!classifier) {

74 std::cerr << "Error: Classifier is null!" << std::endl

;

75 return;

76 }

77

78 FlowMonitor::FlowStatsContainer stats = monitor->

GetFlowStats();

79

80 for (auto iter = stats.begin(); iter != stats.end(); ++

iter) {
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81 double latency = iter->second.delaySum.GetSeconds() /

iter->second.rxPackets; // Average delay

82 std::cout << "Flow ID: " << iter->first << ", Latency:

" << latency * 1000 << " ms" << std::endl;

83 }

84 }

85

86 void CalculatePer(Ptr<FlowMonitor> monitor, FlowMonitorHelper&

flowHelper) {

87

88 // Retrieve the classifier from FlowMonitorHelper

89 Ptr<Ipv4FlowClassifier> classifier = DynamicCast<

Ipv4FlowClassifier>(flowHelper.GetClassifier());

90

91 if (!classifier) {

92 std::cerr << "Error: Classifier is null!" << std::endl

;

93 return;

94 }

95

96 FlowMonitor::FlowStatsContainer stats = monitor->

GetFlowStats();

97

98 for (auto iter = stats.begin(); iter != stats.end(); ++

iter) {

99

100 uint32_t lostPackets = iter->second.lostPackets;

101 uint32_t transmittedPackets = iter->second.txPackets;

102

103 double per = (double(lostPackets) / transmittedPackets

) * 100.0; // PER in percentage

104 std::cout << "Flow ID: " << iter->first << ", PER: "

<< per << "%" << std::endl;

105 }

106 }

107

108 void CalculateThroughput(Ptr<FlowMonitor> monitor,

FlowMonitorHelper& flowHelper) {

109

110 // Retrieve the classifier from FlowMonitorHelper

111 Ptr<Ipv4FlowClassifier> classifier = DynamicCast<

Ipv4FlowClassifier>(flowHelper.GetClassifier());
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112

113 if (!classifier) {

114 std::cerr << "Error: Classifier is null!" << std::endl

;

115 return;

116 }

117

118 FlowMonitor::FlowStatsContainer stats = monitor->

GetFlowStats();

119

120 for (auto iter = stats.begin(); iter != stats.end(); ++

iter) {

121

122 double throughput = (iter->second.rxBytes * 8.0) /

iter->second.timeLastRxPacket.GetSeconds(); // bps

123 std::cout << "Flow ID: " << iter->first << ",

Throughput: " << throughput / 1e6 << " Mbps" << std

::endl;

124 }

125 }

126

127

128

129 int main(int argc, char *argv[]) {

130 // Command line parameters

131 uint32_t numIotUsers = 100;

132 uint32_t numBaseStations = 5;

133 Time simTime = Seconds(20.0);

134

135 CommandLine cmd;

136 cmd.Parse(argc, argv);

137

138 // Create IoT users

139 NodeContainer iotUsers;

140 iotUsers.Create(numIotUsers);

141

142 // Create Base Stations

143 NodeContainer baseStations;

144 baseStations.Create(numBaseStations);

145

146 // Create Edge Server and Cloud Node

147 Ptr<Node> edgeServer = CreateObject<Node>();

85



148 Ptr<Node> cloudNode = CreateObject<Node>();

149

150 // Mobility for IoT users

151 MobilityHelper mobility;

152 mobility.SetPositionAllocator("ns3::

RandomRectanglePositionAllocator");

153 mobility.SetMobilityModel("ns3::

ConstantPositionMobilityModel");

154 mobility.Install(iotUsers);

155

156 // Mobility for Base Stations

157 mobility.SetPositionAllocator("ns3::GridPositionAllocator"

,

158 "MinX", DoubleValue(0.0),

159 "MinY", DoubleValue(0.0),

160 "DeltaX", DoubleValue(50.0),

161 "DeltaY", DoubleValue(50.0),

162 "GridWidth", UintegerValue

(3),

163 "LayoutType", StringValue("

RowFirst"));

164 mobility.SetMobilityModel("ns3::

ConstantPositionMobilityModel");

165 mobility.Install(baseStations);

166

167 // Configure LTE Network

168 Ptr<LteHelper> lteHelper = CreateObject<LteHelper>();

169 Ptr<PointToPointEpcHelper> epcHelper = CreateObject<

PointToPointEpcHelper>();

170 lteHelper->SetEpcHelper(epcHelper);

171

172 NodeContainer enbNodes = baseStations;

173 NodeContainer ueNodes = iotUsers;

174

175 NetDeviceContainer enbDevices = lteHelper->

InstallEnbDevice(enbNodes);

176 NetDeviceContainer ueDevices = lteHelper->InstallUeDevice(

ueNodes);

177

178 // Install the IP stack on UEs

179 InternetStackHelper internet;

180 internet.Install(iotUsers);
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181 Ipv4InterfaceContainer ueIpIfaces = epcHelper->

AssignUeIpv4Address(NetDeviceContainer(ueDevices));

182

183 // Connect UEs to the Internet

184 for (uint32_t i = 0; i < ueDevices.GetN(); ++i) {

185 Ptr<NetDevice> ueDevice = ueDevices.Get(i);

186 Ptr<Ipv4> ipv4 = ueDevice->GetNode()->GetObject<Ipv4

>();

187 lteHelper->Attach(ueDevice, enbDevices.Get(0));

188 }

189

190

191 // Install a UDP application to generate traffic

192 uint16_t dlPort = 1234;

193 UdpServerHelper server(dlPort);

194 ApplicationContainer serverApps = server.Install(iotUsers.

Get(0));

195 serverApps.Start(Seconds(1.0));

196 serverApps.Stop(simTime);

197

198 UdpClientHelper client(ueIpIfaces.GetAddress(0), dlPort);

199 client.SetAttribute("MaxPackets", UintegerValue(100000));

200 client.SetAttribute("Interval", TimeValue(MilliSeconds(1))

);

201 client.SetAttribute("PacketSize", UintegerValue(10240));

202 ApplicationContainer clientApps = client.Install(

baseStations.Get(0));

203 clientApps.Start(Seconds(1.0));

204 clientApps.Stop(simTime);

205

206

207 // Install FlowMonitor - 1

208 FlowMonitorHelper flowHelper;

209 Ptr<FlowMonitor> flowMonitor = flowHelper.InstallAll();

210

211

212

213 // Schedule the BER calculation

214 //Simulator::Schedule(Seconds(11.0), &CalculateBer2,

flowMonitor);

215 Simulator::Schedule(Seconds(10.0), &CalculateBer4,

flowMonitor, std::ref(flowHelper));
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216 Simulator::Schedule(Seconds(11.0), &CalculateLatency,

flowMonitor, std::ref(flowHelper));

217 Simulator::Schedule(Seconds(12.0), &CalculatePer,

flowMonitor, std::ref(flowHelper));

218 Simulator::Schedule(Seconds(13.0), &CalculateThroughput,

flowMonitor, std::ref(flowHelper));

219 // Start Simulation

220 Simulator::Stop(simTime);

221 Simulator::Run();

222

223

224 Simulator::Destroy();

225

226 return 0;

227 }
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