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In today's dynamic networking landscape, integrating Software-Defined Networking 

(SDN) with Traffic-Expert Virtual Networks (TEVN) presents a promising avenue for op-

timizing network performance. This research investigates the implementation of TEVN 

Embedding within SDN frameworks, utilizing the Ryu controller to address inefficiencies 

in traditional virtual network embedding algorithms. The primary purpose is to enhance 

network performance and adaptability by incorporating real-time traffic expertness into 

the virtual network embedding process. Methodologically, the study proposes a framework 

for TEVN and evaluates its performance against benchmark methods using various param-

eters such as throughput, bandwidth, packet loss, and Round-Trip Time (RTT). The eval-

uation is conducted through extensive experimentation in simulated SDN environments, 

with results analyzed and compared comprehensively. The findings reveal that TEVN sig-

nificantly improves network efficiency, achieving higher throughput, lower latency, and 

reduced packet loss compared to default embedding algorithms. Additionally, TEVN 

demonstrates superior adaptability in creating virtual networks that dynamically adjust to 

changing traffic conditions, optimizing resource utilization and enhancing overall network 

performance. These results underscore the potential of TEVN to revolutionize network 

management practices, offering a promising solution for addressing the evolving chal-

lenges of modern network infrastructures. This research contributes to advancing SDN 

technologies and gives insights into enhancing network efficiency in dynamic environ-

ments. Further, extending the evaluation of TEVN to more diverse network topologies and 

traffic scenarios could provide a deeper understanding of its performance in various real-

world conditions in the future. 
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1. INTRODUCTION 
 

SDN is a transformative paradigm-shift technology; it has emerged as an innovation 

of traditional network topologies and management methods with the fast evolution of net-

work technologies [1]. The current paradigm shifts dynamically to control and program 

network behavior through centralized software. It has always had different flexibility and 

agility. The one that continues to sprawl and diversify around various TEVNs introduces 

SDN integration [2]. The increasing number of applications and services has fed more 
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network traffic, accommodated quality of service, and made efficient resource allocation 

a challenge. The statically architected traditional network continuously needs help keeping 

up with such performance fluctuation and probably changes in traffic models [3]. Increased 

dynamism demands an infrastructural change that only the SDN brings. By centralizing 

control, the SDN offers real-time visibility of traffic and coordination responsiveness [4].  

In this paper, the possibility of integrating unique virtual network traffic expertise is 

viewed as an essential aspect of advancing network infrastructure's overall performance 

and efficiency. The integration of SDN enables a new pattern of adaptability and intelli-

gence in network management as virtual networks gain the capacity of immediate dispersal 

in response to the current traffic situation [5-8]. Integrating SDN and traffic expertise in 

virtual networks is a possibility raised in this paper as it further evaluates the benefits and 

implications of such integration. As a result, the critical goal of this research is to look at 

the immediate applicability and best practices of incorporating real-time traffic awareness 

into the virtual network management decision-making system. Consequently, our primary 

aim is to expand the quality of service and network efficiency further by optimizing re-

source distributions. 

The findings of this study can offer profound contributions to the integration of TEVN 

and SDN by enabling more innovative, more adaptive network management strategies. 

This exploration aims to expand statically configured network frameworks and deviate 

from traditional adaptations that follow or anticipate shifting traffic patterns. With their 

adaptability and scalability, Ryu controllers are prominent in tuning TEVN in the current 

study. As a responsive, program-based architecture, the Ryu controller evolves with pre-

sent-day network necessities and serves as an outstanding launchpad for testing in con-

trolled and real-world settings. To navigate the labyrinth of modern-day networks, it is 

critical to comprehend the reciprocal interrelation between SDN and TEVN [9-11]. 

This study is intended to elucidate the complexities and exceptional mechanisms and 

how dynamic control of SDN can be exploited to fine-tune virtual networks to real-time 

traffic requirements. This illustration is expected to help accelerate the transformation of 

network architectures into more sensitive, efficient, and coherent solutions. The primary 

concern for this study is specific distinct face issues in the fusion of SDN and TEVN. 

Various prominent challenges and research issues have been addressed in the proposed 

research work:  

RQ1: How does this work explain the dynamic nature of networks within SDN using traf-

fic-aware virtual networks? 

RQ2: How is quality of service optimized in the context of SDN with traffic-aware virtual 

networks? 

RQ3: How does the work utilize centralized control in addressing network traffic-related 

challenges? 

RQ4: How is resource utilization efficiency maximized in SDN with traffic-aware virtual 

networks? 

RQ5: How does the work contribute to adaptive virtual network management? 

RQ6: How does integrating SDN with traffic-aware virtual networks enhance overall per-

formance? 

RQ7: How does the work address the challenge of creating adaptive virtual networks in 

SDN? 

In addressing the ever-evolving landscape of network architectures, this research 
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stands at the forefront, introducing a ground-breaking paradigm that intertwines SDN with 

real-time traffic expertise in virtualized environments. 

In conclusion, the research proposes a comprehensive networking framework that uti-

lizes the Ryu controller to optimize virtual network embedding within SDN environments. 

The proposed methodology, incorporating a traffic expertise algorithm, demonstrates su-

perior performance across critical parameters, including latency reduction, throughput im-

provement, load balancing efficiency, and enhanced security adaptability. Experimental 

analysis highlights the framework’s ability to dynamically manage traffic and allocate re-

sources, achieving a 25% reduction in latency and a 30% improvement in throughput com-

pared to traditional methods. The framework’s centralized control mechanism also ensures 

real-time decision-making, significantly enhancing network stability and resilience. These 

results validate the proposed solution as a scalable and efficient approach for addressing 

the challenges of virtual network embedding and optimization in dynamic SDN environ-

ments. 

 The ensuing contribution of this study transcends conventional approaches, redefin-

ing the contours of TEVN Embedding by infusing dynamic responsiveness to traffic con-

ditions. However, the main contributions of the research paper are listed below: 

A. We introduce a real-time traffic-aware approach to VN Embedding. Our research pre-

sents a novel method for VN Embedding that responds to live traffic conditions. Un-

like traditional VN embedding algorithms that do not adapt to real-time traffic, our 

approach leverages SDN and the Ryu controller to adjust the virtual network topology 

dynamically. This allows resources to be allocated in response to current network de-

mands, improving efficiency and adaptability in virtualized infrastructures. 

B. We design a centralized control architecture using the Ryu controller for network man-

agement by integrating the Ryu controller in an SDN environment. We establish cen-

tralized control over virtual networks, enabling precise and effective data processing 

for reconfiguration. The Ryu controller serves as an information hub, gathering and 

analyzing traffic data to make network decisions in real-time, which enhances respon-

siveness, reduces latency, and optimizes resource utilization. 

C. We propose an enhanced security mechanism for virtual networks with centralized 

monitoring and real-time threat response. Our approach strengthens security by ena-

bling centralized monitoring and immediate security enforcement within virtual envi-

ronments. Using the Ryu controller, we provide real-time threat alerts and adapt secu-

rity policies dynamically in response to changing conditions, which protects network 

integrity and resilience against potential threats. 

D. We implement a dynamic load-balancing mechanism to optimize resource allocation. 
Unlike traditional static load-balancing methods, we implement a dynamic mechanism 

that automatically adjusts traffic distribution based on real-time data. This mechanism 

prevents congestion by evenly distributing network traffic according to live conditions, 

ensuring stable and efficient operation of the virtualized network. 

1.1 Paper organization 

The remainder of the paper is organized in the following way. Section 2 provides an over-

view of the Related Work, focusing on critical topics such as SDN in Virtualized Environments, 

Virtual Network Embedding, and the Ryu SDN Controller, establishing the background and 

identifying gaps in the existing literature. Section 3 discusses the Network Model, beginning 
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with the Problem Formulation to outline the challenges addressed, followed by the Experi-

mental Setup and Methodology, which describe the proposed framework. This section also in-

cludes the Criteria for Performance Comparison and the Proposed TEVN Setup to detail the 

design and implementation of the TEVN. Section 4 presents the Results and Analysis, provid-

ing a Performance Evaluation and detailed Experimental Results, further divided into subsec-

tions covering TEVN Bandwidth, TEVN Throughput, TEVN Packet Loss, and TEVN RTT. 

Finally, the paper concludes by summarizing the key findings, highlighting the advantages of 

the proposed approach, and discussing future research directions. 

2. RELATED WORK  

The related work in this section is structured into three main categories, focusing on 

the intersection of SDN in Virtualized Environments, VNE, and Ryu controller in SDN. 

The initial part of the related work delves into research and advancements, specifically 

within SDN in Virtualized Environments. This section describes research on control plane 

and data plane separation, dynamic resource allocation, and integration of SDN features to 

optimize network management in virtualized environments. Following his investigation of 

SDN in virtualized environments, a subsequent part of the related work moved to incorpo-

rate virtual networks and considered several research efforts to allocate virtual resources 

in network infrastructures efficiently. The classification into these two categories allows 

for a comprehensive literature survey. It provides insight into applying his SDN principles 

in virtualized environments and specific advances in virtual network embedding. We then 

discuss recent research in all three categories and provide an overview of the latest devel-

opments and trends in these interrelated fields. 

2.1 SDN in Virtualized Environments 

Related research on SDN in virtualized environments includes various studies and ap-

proaches to understand and optimize network architectures in virtualized environments. Re-

searchers have explored separating the control and data planes to enable dynamic resource al-

location, increased scalability, and flexibility. Research often focuses on integrating SDN func-

tionality into virtualized environments to improve network management and efficiency. Secu-

rity concerns are frequently raised, and research is being conducted to consider how to protect 

virtualized network functions and data. The dynamic nature of virtualized networks creates data 

protection, integrity, and overall security challenges. A robust security model is paramount to 

addressing these concerns. This security model must include mechanisms to protect against 

unauthorized access, data breaches, and potential vulnerabilities in your virtualized infrastruc-

ture.  

The authors leveraged SDN [12] and proposed a security model that includes role-based 

access control and trust-based approaches. This model considers user roles to ensure fine-

grained access to virtual machines in the cloud. Trust-based distributed secret shares and as-

signed roles secure access to virtual machines. The cloud service provider must know these 

secret shares, managed by the SDN Controller, who oversees share generation, distribution, and 

reconstruction. A trust evaluator periodically assesses participant users' trust values to prevent 

malicious activities. Security analysis validates the effectiveness and efficiency of the proposed 

scheme compared to alternative approaches. 
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The paper [13] focused on fault diagnosis within the context of NFV and drew compari-

sons with traditional networks. It introduces the unique challenges NFV faces and offers a com-

prehensive survey of contemporary fault detection methods tailored for the NFV framework. 

The paper delves into an in-depth discussion of fault propagation characteristics and presents a 

detailed taxonomy of fault localization approaches within NFV. The paper's conclusion empha-

sizes future research directions, aiming to create opportunities for enhancing the application of 

NFV within the IoT environment. 

The research introduces CODIA [14], a computational offloading framework designed to 

optimize performance for dependent IoT applications. CODIA provides a prioritized schedul-

ing strategy and a deep reinforcement learning-based offloading algorithm by decoupling task 

management into scheduling and offloading phases. Through offline training and online de-

ployment, CODIA enables IoT devices to make dynamic, energy-efficient decisions that reduce 

latency. Experimental results demonstrate that CODIA converges efficiently and achieves a 

25% reduction in time delay compared to local computing solutions while effectively managing 

energy consumption. Future work will expand CODIA's capabilities by incorporating a multi-

agent environment, which will pose new challenges for state space management, and explore 

federated learning to enhance user privacy during training. This research represents a step for-

ward in intelligent, resource-aware computation offloading for IoT environments. 

The paper [15] focused on developing an ML approach for efficient network traffic man-

agement, precisely predicting the number of controllers deployed in the network. The proposed 

prediction mechanism operates centrally and is implemented as a VNF within the NFV envi-

ronment. The estimation of controller numbers is based on predicted traffic, and their optimal 

placement is determined using the K-Medoid algorithm. The method is thoroughly analyzed 

for performance metrics, showcasing the effectiveness of combining SDN, NFV, and ML to 

enhance network automation. This integration aims to achieve improved efficiency in network 

operations. 

The author introduced S-HIDRA [16], a domain-based architecture for orchestrating con-

tainerized services in decentralized fog computing environments. Built upon a prior blockchain-

based HIDRA orchestrator, S-HIDRA is designed to handle geographically dispersed fog com-

puting environments segmented into domains. The architecture inherits critical features from 

blockchain technology, including immutability, availability, and transparency. The paper pro-

poses integrating SDN capabilities into the HIDRA orchestrator and S-HIDRA domains to en-

hance network traffic management for decentralized containerized services. A testbed is imple-

mented to emulate an S-HIDRA domain, demonstrating the proposal's feasibility. The results 

showcase effective orchestration, low latency, and high availability of containerized services. 

The research presented a transcoding-enabled online caching framework for IoT video 

services designed to address the challenges of real-time content delivery in a heterogeneous, 

dynamic network environment [17]. Through a collaborative cloud–edge–terminal approach, 

the framework supports adaptive bitrate video routing and caching, utilizing online convex op-

timization to achieve low-latency, high-quality video delivery without relying on prior infor-

mation. This caching strategy adapts to fluctuating resources and incorporates multi-rate video 

substitutability, reducing unnecessary caching overhead. The approach achieves sublinear re-

gret and constraint violations, validated by theoretical proofs and multiple data sets simulating 

diverse request patterns and network conditions. Results demonstrate that this framework out-

performs existing algorithms in delay reduction and quality of experience improvements, mark-

ing a significant step toward efficient, resource-aware caching in IoT video services. Future 
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research could explore further optimizations for more complex network environments and user-

specific caching requirements. 

2.2 Virtual Network Embedding 

Research on VNE in various architectures has involved work in many areas focused on 

improving the efficient distribution of virtual resources in network infrastructures. Specifically, 

numerous studies have been performed on designing algorithms or frameworks to enable effec-

tive VNE based on factors such as resource constraints, load distribution, and changes in net-

work topology. A plethora of optimization technologies, including, but not limited to, heuris-

tics, meta-heuristics, and machine learning approaches, are under investigation to address the 

complexity of VNE problems. Furthermore, research is committed to the performance evalua-

tion addressing VNE in particular areas, including cloud computing, edge computing, and SDN. 

Moreover, research on the performance of the VNE algorithm in various settings, including 

performance, scalability, and resilience scenario studies, is currently being done. 

The authors present the DVNE [18] approach in the Distributed Virtual Network Embed-

ding, focusing on resource allocation to minimize the round trip delay. The authors first allot 

each VNF of a VN to a candidate set of edge clouds in which it can be hosted. Secondly, as by 

the path-based algorithm SP-DVNE, the authors present how they can present their DVNE so-

lution optimally to utilize the minimum resources. As one can observe, the allocation of his 

VNF is accomplished by the sV-VNM algorithm, which reduces resource utilization in the in-

frastructure. The DVNE algorithm acts as an optimal or near-optimal solution, resulting in min-

imum round-trip delay, and also substantially reduces the execution time, which results in lower 

time to solve the problems compared to other existing allocations presented in the literature. 

A research paper [19] presents an integrated adaptive multilayer VNE algorithm incorpo-

rating reinforcement learning to deal with multilayer VNR embedding effectively. The algo-

rithm is designed to detect the differences between VNR and physical networks and shows good 

performance in single-layer and multi-layer VNE scenarios through simulation results. This 

paper uses reinforcement learning to focus on the dynamic and collaborative aspects of multi-

layer VNEs in SDN. The main contributions include proposing a multilayer VNE framework, 

developing a reinforcement learning model to optimize mapping revenue and cost, and intro-

ducing a dynamic and collaborative mapping mechanism.  

In the research paper [20], we investigated the problem of his VNE in an SDN environment and 

considered potential malicious attacks on substrate SDN switches and links. In this paper, we 

propose his SDN architecture for layered virtualization and formulate the VNE problem as a 

multi-objective optimization task. The main goals are to minimize network load and maximize 

built-in reliability, especially in the face of possible attacks on the substrate network. Key con-

tributions include introducing a layered virtualization-enabled SDN architecture, the concept 

of network load to characterize the state of dynamic resources, and the formulation of built-in 

reliability considering attack probabilities. This article uses the ideal point method to solve 

complex multi-objective optimization problems by embedding virtual nodes and links using 

sub-algorithms to find locally optimal solutions. The proposed strategy achieves a VNE that is 

robust against attacks by minimizing the network load and maximizing the built-in reliability. 

The global VNE strategy is realized through a discrete particle swarm optimization (DPSO) 

technique to ensure effective and resilient embedding in SDN. 
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The research presented TRC-HG, a Hierarchical Game Framework for Task Decomposi-

tion in Triplet Robotic Crowdsourcing, to enhance the efficiency of robotic crowdsourcing on 

the Internet of Things [21]. TRC-HG mode ls interactions between task scheduler nodes (TNs) 

and robotic nodes (RNs) with a Stackelberg game. It simultaneously minimizes the total cost 

associated with task allocation while maximizing robot node utility, considering resource lim-

itations. So, at the second layer, the coalition game framework promotes cooperation among 

RNs so nodes with limited resources can efficiently maximize energy saving and minimize task 

completion time. We provide rigorous proof of stability and optimality, guaranteeing stable 

coalition formation for RNs and local utility maximization through a partnership with the pro-

posed framework. TRC-HG has the potential to be a game-changer, fundamentally outperform-

ing traditional latency, energy consumption, and crowdsourcing efficiency methods, signifi-

cantly exceeding the performance ceiling on the measurement level, as validation through sim-

ulation experiments showed. The work describes a solid base to advance task allocation in ro-

botic crowdsourcing, with potential applications in increasingly complex IoT ecosystems. 

In summary, the author proposed a framework for the transcoding-enabled delivery and 

caching of VR videos at the edge of next-generation wireless networks [22]. The framework 

further improves the experience by incorporating an edge cooperative caching strategy based 

on multi-agent deep reinforcement learning, which optimizes storage and computing resources 

at edge base stations to achieve a low latency scenario. The two-tier base station–multicast 

group matching algorithm provides additional assistance for VR content streaming through co-

operative strategies of Macrocells and small cells that can accommodate peak loads and low 

latency. Widespread simulations confirm the supremacy of this framework with a higher cache 

hit ratio, lower transcoding, and delivery delay, in addition to improved quality of experience 

(QoE) gained from the spouting method compared to existing approaches. We offer a solution 

to the above challenges through this content delivery framework over mobile networks, paving 

the way for more immersive and responsive VR services in future wireless environments. 

2.3 Ryu SDN Controller 

The related work on the RYU controller for SDN covered various aspects such as archi-

tectural design, scalability, and features for efficient network management. The researchers 

conducted a performance evaluation to assess scalability, latency, and throughput and measure 

how well Ryu adapts to network sizes and traffic conditions [23]. Additionally, we explored 

application development on the Ryu platform, exploring its integration with existing SDN so-

lutions and support for specific use cases such as load balancing, traffic engineering, and secu-

rity applications. Security considerations are also focused, and the robustness and vulnerabili-

ties of the Ryu controller are investigated. Some of the research addressed optimization tech-

niques to improve controller efficiency and investigated real deployments and use cases that 

reveal practical applications of his Ryu in various network environments. Comparative analysis 

with other SDN controllers provides insight into Ryu's performance, ease of use, and suitability 

for multiple scenarios. At the same time, discussions on standards compliance and interopera-

bility support its use within the broader SDN ecosystem. 

Recognizing the critical role of capable controllers in dealing with these changes [24]. It 

emphasizes the need for high-performance controllers, especially in areas where real-time ap-

plications based on distributed processing are experiencing significant growth. It emphasizes 

gender. It also describes the implementation of his SDN architecture using the open-source Ryu 
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controller. Focus on custom network topology and evaluate performance parameters between 

nodes. Simulation results demonstrate the superior performance of the proposed work com-

pared to standard SDN network topologies and highlight its potential to improve resource uti-

lization and overall network performance in various industries and applications.  

Identification of DDoS attacks in SDN using live traffic, feature extraction, and classifi-

cation methods is proposed in the research work [25]. Essentially, having a superior feature 

extraction model plays a role in weeding out relevant outcomes and is vital in achieving maxi-

mum efficiency in machine learning algorithms. First and foremost, various well-recognized 

classifiers, including Support Vector Machine, Random Forest, K-Nearest Neighbors, Extreme 

Gradient Boosting, and Naive Bayes, are used to determine the most compelling features. The 

study results exhibited that SVM outperforms other classifiers based on performance measures, 

including precision, precision, recall, false alarm rate, F1 score, and AUC score. Furthermore, 

SVM was selected as a classifier for use in the SDN controller due to its high performance 

compared with state-of-the-art functionality. The SVM can detect attacks in real-time live traf-

fic. Therefore, this study will help enhance DDoS detection approaches in the SDN environ-

ment, and it will be helpful to network security industries. 

The importance of a well-functioning SDN controller that can respond to the ever-chang-

ing network industry landscape is reiterated in the research work [5]. Such an approach would 

be instrumental in improving the rate at which network resources are utilized. The study’s ap-

proach is based on activities conducted on an open-source super SDN, Ryu Controller. The 

study is based on the data-driven approach focused on data collection and network traffic anal-

ysis. The Ryu’s real-time monitoring capabilities have analyzed bandwidth, throughput, packet 

counts, and RTT statistics. This has helped provide a detailed performance of the traffic pat-

terns. The approach utilized findings collected through the network traffic data analysis to de-

velop optimal solutions to resource allocation. The developed SDN architecture was simulated 

on a customized network topology where the Ryu controller was used to measure various net-

work performance metrics. 

2.4 Research gap 

Overall, our study of SDN’s Ryu controller and the possibilities of traffic expert networks 

demonstrates a considerable dearth in the existing literature. Concerning this gap, few studies 

have focused on the practical implications of applying transportation expert networks to prac-

tical environments. The available sources rely on strictly theoretical models and computer sim-

ulations, often neglecting the intricacies and difficulties that might accompany the implemen-

tation process. A more integrated design for a newly installed traffic expert network employing 

Ryu controllers would establish proper lessons and estimates on its practical use and applica-

bility [26]. 

Furthermore, the limited study of the scalability of his Ryu controller within the traffic 

expert network is a significant gap that needs to be explored. While the current research ana-

lyzes traffic control controllers' performance, analyzing how these controllers can or fail to 

perform given various networks of different sizes and traffic patterns needs to be revised. It is 

imperative to understand the controller’s performance in the case of large networks and vast 

amounts of traffic to gauge its applicability within various dynamical network environments 

[27].  
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Also, there is a lack of research to assess the Ryu controller’s adherence to SDN standards 

and its performance concerning other SDN components or capable devices and controllers. The 

lack of a comprehensive review creates grave assumptions about the controller's capabilities 

within the SDN. Further investigation of standardization and interoperability aspects provides 

an apparent understanding of the role of its Ryu controller in a heterogeneous SDN environ-

ment. Optimization techniques applied to Ryu controllers are another research gap since per-

formance optimization has been addressed widely through studies by dynamically managing 

network resources and adapting them to different environments. More optimization strategies 

or new algorithms are required to increase their efficiency in adapting and further improving 

the controller [28].  

Moreover, a comparative analysis of the Ryu controller and the new SDN controller must 

be conducted using the existing literature. Most comparisons focus on traditional comparison 

targets and ignore the evolving landscape of SDN technology. A more comprehensive compar-

ative analysis could reveal the unique strengths and weaknesses of the Ryu controller in the 

context of emerging SDN technologies. Finally, there is a research gap related to studying the 

versatility of applications developed on the Ryu controller for traffic expert networks [29]. The 

current literature focuses on commonly studied scenarios and needs comprehensive studies on 

the applicability of Ryu-based applications for various use cases in different industries. A more 

thorough examination of the diversity of applications will provide a more comprehensive un-

derstanding of the capabilities of Ryu controllers and their potential contribution to addressing 

industry-specific challenges. 

3. NETWORK MODEL 

The proposed network model for analyzing the performance of TEVN using the Ryu con-

troller is designed to optimize resource allocation and traffic management in SDN, as shown in 

Fig. 1. The network is modeled as a hierarchical structure comprising a substrate network and 

virtual network requests (VNRs), with specific attributes that facilitate real-time network opti-

mization as follows: 

A. Substrate Network Model: The substrate network is represented as a directed weighted 

graph Gs = (Ns, Es). The mathematical elements used in the network model are defined 

in Table 1. In this model, the Ryu controller enables centralized management and moni-

toring of Gs, dynamically adjusting resources in response to network demands. 

 Nodes (Ns) represent physical devices such as switches, routers, or servers. Each 

node u ∈ Ns is associated with a processing capacity c(u), indicating its ability to 

host virtual nodes. 

 Edges (Es) represent physical links between nodes. Each edge (u, v) ∈ Es is charac-

terized by an available bandwidth c(u, v), representing the link's capacity. 

B. Virtual Network Requests: Each VNR is modeled as a directed graph Gv = (Nv, Ev). 

The following parameters define each VNR Gv: 

 Virtual Nodes (Nv) are logical components that map onto substrate nodes (Ns). 

 Virtual Edges (Ev) represent the connections between virtual nodes and are mapped 

to substrate links (Es). 

 Bandwidth (b): The minimum bandwidth requirement for virtual edges. 

 Lifetime (L): The duration for which the VNR exists in the network. The VNR starts 

at time ta and terminates at ta+L. 
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 Priority Level (p): Determines the importance of the VNR, ensuring higher service 

levels for critical applications. 

 Traffic Profile: Each VNR's traffic demand is modeled as a random variable X with 

mean μ and variance σ2. 

C. Traffic Expertise Framework: The Traffic Expertise Framework aims to optimize the 

embedding and management of VNRs in the substrate network by leveraging the Ryu 

controller and OpenFlow protocol. The critical elements of the framework include: 

 The Ryu controller monitors real-time traffic patterns using tools like Iperf3 and 

Ping to collect performance metrics. Resources are allocated dynamically based on 

traffic conditions and VNR priorities. 

 To evaluate network congestion, the model defines congestion ratios Rh, Rm, Rl for 

high, medium, and low-priority VNRs: 

 

                  𝑅𝑥 =  
𝑈𝑛𝑠𝑒𝑟𝑣𝑒𝑑 𝑇𝑟𝑎𝑓𝑓𝑖𝑐 𝑉𝑜𝑙𝑢𝑚𝑒 𝑓𝑜𝑟 𝑃𝑟𝑖𝑜𝑟𝑖𝑡𝑦 𝐿𝑒𝑣𝑒𝑙 𝑥

𝑇𝑜𝑡𝑎𝑙 𝑇𝑟𝑎𝑓𝑓𝑖𝑐 𝑉𝑜𝑙𝑢𝑚𝑒 𝑓𝑜𝑟 𝑃𝑟𝑖𝑜𝑟𝑖𝑡𝑦 𝐿𝑒𝑣𝑒𝑙 𝑥
     (1) 

 

These ratios provide insights into the effectiveness of the traffic expertise 

algorithm in prioritizing critical VNRs. 

 Network operations are divided into discrete time slots, during which traffic demands 

and resource utilization are analyzed. Collection periods collect and aggregate per-

formance data, enabling adaptive adjustments. 

D. Centralized Control and Decision Making (Di): In the network model, centralized con-

trol through the Ryu controller is pivotal for managing the substrate network (Gs) and the 

embedding of virtual network requests (Gv). The function Di = f(Gv, Ti), where f inte-

grates topology information (Gv) and traffic statistics (Ti), mirrors the decision-making 

process. It ensures efficient allocation of resources and adjustment of network configu-

rations. 

 Integration in the Network Model: This decision-making capability reduces latency 

in the allocation process, as the controller dynamically evaluates topology and real-

time traffic parameters. This aligns with the model’s goal of optimizing resource 

allocation, reducing congestion, and meeting traffic demands efficiently.  

 Enhanced Responsiveness: The framework leverages Di to disassemble decision la-

tency by centralizing traffic and topology data. This allows rapid adjustments. En-

hancing availability and reducing delay in embedding virtual network requests. 

 
Table 1. Mathematical elements used for the problem formulation. 

Symbol Description 

GV Bandwidth allocated to virtual link (i,j) Virtual network topology. 

GP Latency experienced on the virtual link (i,j) Physical network topology. 

Ti Resource utilization on the virtual link (i,j) Traffic matrix representing traffic volume 

between virtual nodes. 

C Traffic volume between virtual nodes i and j Cost function integrating bandwidth, de-

lay, and resource usage metrics. 
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Di Centralized control parameter in SDN for decision-making based on network status. 

Si Security measures deployed to monitor and adapt security in real-time. 

Li Load-balancing decisions based on real-time traffic patterns. 

f( ) Function to align GV and Ti with topology parameters and traffic statistics. 

g( ) Function to dynamically apply security measures in response to traffic conditions. 

h( ) Function integrating topology and traffic data for load balancing. 

Bij Bandwidth allocated to virtual link (i,j) 

λij Latency experienced on the virtual link (i,j) 

rij Resource utilization on the virtual link (i,j) 

Tij Traffic volume between virtual nodes i and j 

Z1 Constraint limiting bandwidth Bij to stay within capacity. 

Z2 Constraint ensuring latency λij stays within thresholds. 

Z3 Resource capacity constraint for rij on the link (i,j). 

Z4 Dependency of traffic volume Tij on the traffic pattern. 

d(v) Distance from source node u to node v. 

w(u,v) Weight of the edge between nodes u and v. 
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    Fig. 1. Proposed network model 
3.1 Problem formulation 

 

We aim to develop algorithms for optimally allocating resources and reorganizing the vir-

tual network topology based on current traffic characteristics. The Optimization goals include 

minimizing latency, maximizing bandwidth, and effectively utilizing resources. The traffic ex-

pert also requires a mechanism to ensure that the allocated bandwidth and resources are within 

the available capacity regarding the virtual circuit bandwidth, latency, and other resource usage 

restrictions to avoid congestion. This algorithm is known for its traffic conditions and makes 

decisions based on the real-time constraints and traffic characteristics observed in the algorithm. 

Finally, to lay down the objectives, the research aims to develop an algorithm to dynamically 

adjust the virtual network settings according to specific traffic resources, mimicking the deci-

sion-making of traffic experts. 

The goal is to minimize a cost function C that represents a combination of bandwidth 

usage, delay, and resource allocation. 

Minimize C = ∑ (i, j) ∈ E Bij + ∑ (i, j) ∈ E λij + ∑ (i, j) ∈ E rij      (2) 

 

Z1: Bij ≤ Bandwidth Capacity 

Z2: λij ≤ Latency Threshold 
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Z3: rij ≤ Resource Capacity 

Z4: Tij = f (Traffic Pattern) 

To establish the proper functioning of the network, we defined several constraints and the 

corresponding variables and parameters, presented in Table 1. The first constraint, Z1, restricts 

the bandwidth that can be used by a single virtual connection B ij, ensuring it does not exceed 

the bandwidth capacity of that connection. This guarantees that data will flow smoothly and 

that no point of congestion will occur. The maximum allowed latency threshold on a single link 

ij, which ensures timely data delivery, is encapsulated in the second constraint, Z2. The third 

constraint, Z3, limits the resources allocated to a specific link so that they do not surpass its 

resource capacity. The constraint can guarantee that resource bottlenecks will not appear. Fi-

nally, the fourth constraint, Z4, indicates that the traffic volume (Tij) between virtual nodes 

depends on the traffic pattern, and the network can adapt to changing traffic conditions. 

 

3.2 Experimental setup 

 

The experimental setup of the study consists of several software components and compo-

nents used to deploy and test this approach for enhancing VN embedding with real-time traffic 

awareness, centralized control, enhanced security mechanisms, and dynamic load balancing.  

In particular, this study requires a simulated network environment to imitate the natural 

conditions of the network’s operation. Specifically, a simulated network environment includes 

the usage of various virtual network topologies that simulate different types of network envi-

ronments and traffic flows to assess the impact of the proposed approach on VN embedding 

with real-time traffic awareness. 

This includes the integration of Ryu Controller, an SDN framework, with monitoring tools 

to collect real-time traffic statistics. These statistics, such as bandwidth usage, packet counts, 

and RTT, serve as input to adjust the virtual network topology dynamically. Fig. 2 depicts the 

proposed method's formation of a network topology in the simulated network environment. 

Tuning the network topology is controlled by algorithms that use traffic statistics to optimize 

resource allocation and routing decisions. The objective is to assess how well your virtual net-

work adapts to changing traffic conditions, ensuring efficient resource usage and performance 

optimization.  

Additionally, the experimental setup aims to evaluate the impact of centralized control 

using SDN and the Ryu controller. This includes deploying a virtual network infrastructure 

controlled by the Ryu controller and simulating various traffic scenarios that mimic real-world 

conditions. The controller facilitates centralized decision-making by dynamically adjusting net-

work configurations based on real-time traffic analysis. Measure performance metrics such as 

packet delivery speed, reduced latency, and increased throughput to quantify the benefits of 

centralized control in improving network responsiveness and overall performance.  

Additionally, the experimental setup includes an evaluation of network security improve-

ment in a virtual environment, presented in Table 2 with the experimental details of the pro-

posed method. This includes providing security policies and monitoring mechanisms within the 

virtual network controlled by the Ryu controller. Centralized management enables real-time 

threat detection, adaptive security measures, and efficient policy enforcement. Performance 
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metrics such as detection accuracy, response time, and policy enforcement effectiveness are 

measured to evaluate the improvement in network security.  

Finally, the experimental setup evaluates the introduction of a dynamic load-balancing 

mechanism within a virtual network, which reflects the strategy architecture diagram of the 

proposed mechanism, as shown in Fig. 3. Traditional load-balancing approaches need help 

adapting to fluctuating traffic conditions, which can lead to inefficient resource utilization. In 

this study, the integration of SDN with the Ryu controller enables adaptive load balancing based 

on real-time traffic patterns. This dynamic load balancing ensures optimal resource allocation, 

congestion avoidance, and increased stability and efficiency of the virtualized network. Evalu-

ate the effectiveness of dynamic load balancing by measuring performance metrics such as 

network utilization, congestion avoidance, and resource efficiency. 

 

 
 

Fig. 2. Formation of network topology in the simulated network environment 
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Fig. 3. Strategy architecture diagram 

 

3.3 Methodology 

 

The methodology for this research focuses on designing and evaluating a networking 

framework to optimize virtual network embedding using a traffic expertness algorithm in an 

SDN environment, as depicted in Fig. 4. The approach starts by identifying inefficiencies in 

traditional VNE methods. This includes analyzing current techniques to pinpoint limitations in 

resource utilization, latency reduction, and scalability. These inefficiencies serve as bench-

marks for the proposed solution. 

A conceptual understanding of traffic expertness is built to overcome these limitations. 

This, in turn, acts as an efficient framework in which network topology parameters and real-

time statistics of network traffic are integrated to allow intelligent choices to be made in the 

ongoing process. The Conceptualizing phase is carried out in a simulated environment with the 

help of a Mininet emulator that allows flexibility for modeling network topologies and testing 

within controlled conditions. 
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Table 2. Experimental details 

Aspect Description 

Host Configuration  Intel Core i7 processor, 16GB RAM, Ubuntu 20.04 OS 

 Python 3.9 

 Ryu 4.34 SDN controller [30] 

Network Environment  Mininet 2.3.0 [31] emulator for creating virtualized network 

topology 

 Substrate and virtual networks modeled as graphs 

Protocol Information  OpenFlow 1.3 protocol for controller-device communication 

 Open vSwitch (OVS) 2.15 [32] provides network automation 

through programmability and SDN capabilities. 

 Tools: iPerf3 and Ping for real-time performance measure-

ment. 

Network Monitoring Tool  Wireshark 3.4 [33] network protocol analyzer captures and 

analyzes network traffic in real time. 

Traffic Patterns  Uniform and bursty traffic patterns generated. 

 Tested under varying network conditions to ensure robust-

ness 

Load-Balancing Mecha-

nism 

 ECMP (Equal-Cost Multi-Path) [34] routing algorithm that 

spreads traffic evenly across multiple paths with equal cost. 

 

The framework is tested as an experimental setup using the OpenFlow protocol. It speci-

fies network topologies like tree, mesh, and linear topologies and includes various traffic pat-

terns to emulate realistic network conditions. This establishes that the framework is robust and 

adaptable across various cases. Real-time network performance data is collected using tools 

such as Iperf3 and ping. These tools are integrated into the experimental setup to monitor met-

rics like throughput, latency, packet loss, jitter, and resource utilization. The collected data pro-

vides insights into network behavior under varying traffic conditions and enables a comprehen-

sive framework evaluation. The traffic expertness algorithm is implemented using Python and 

the Ryu SDN controller API. This implementation leverages Ryu’s centralized control to opti-

mize decision-making dynamically, using real-time data from the network [35]. The algo-

rithm’s core logic focuses on balancing traffic loads, minimizing latency, and ensuring efficient 

resource allocation in the virtual network. The implemented algorithm is then evaluated in the 

experimental environment. Performance metrics are measured under different conditions, and 

the results are compared with baseline and state-of-the-art algorithms to establish the algo-

rithm’s effectiveness. Statistical analysis is used to validate the findings, identify trends, and 

quantify improvements over existing solutions. Finally, the results are documented in a detailed 

report highlighting the proposed methodology's strengths. The results emphasize improvements 

in resource utilization, latency reduction, and network stability alongside scalability insights 

and recommendations for future work. The research methodology ensures a structured approach 
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to addressing the objectives, ultimately validating the traffic expertness algorithm's contribu-

tions to SDN optimization. 

 The method outlined in the paper provides several advantages in solving the problem of 

efficient VN embedding in SDN environments with dynamic traffic awareness as follows: 

A. By embedding VNs with real-time traffic awareness, this method ensures that re-

sources are allocated adaptively based on current traffic demands. This respon-

siveness minimizes resource wastage and prevents congestion, improving the net-

work’s efficiency and performance. 

B. The Ryu SDN controller for centralized network management allows comprehen-

sive control over network elements and traffic flows. This setup reduces latency 

in decision-making, facilitates better coordination of virtual topologies, and en-

sures quicker adaptation to network changes, improving flexibility and respon-

siveness. 

C. The proposed method uses an adaptive cost function that dynamically considers 

topology, traffic patterns, and resource constraints. This approach enables the net-

work to adjust efficiently according to real-time metrics, reducing latency and 

maximizing bandwidth. These are crucial for Quality of Service in virtualized 

networks. 

D. Integrating security policies directly into the SDN framework allows real-time 

threat detection and adaptive response. The Ryu controller enables rapid policy 

changes and threat response, making the network more resilient and less vulner-

able to security breaches. 

E. Traditional load-balancing approaches need help to handle fluctuating traffic con-

ditions, often leading to bottlenecks and inefficiencies. This method uses real-

time traffic data to balance loads dynamically, distributing traffic across multiple 

paths and ensuring stability. This leads to better network utilization, reduced con-

gestion, and improved overall performance. 

F. The experimental evaluation in the paper includes important metrics like band-

width utilization, latency, packet loss, and throughput, allowing for a detailed as-

sessment of network performance. This holistic approach to evaluation helps 

identify bottlenecks and further optimizes VN embedding for SDN environments. 
 

3.4 Criteria for Performance Comparison 

To compare the performance of the proposed scheme with other solutions in the context of 

this research work, the following benchmark algorithms or evaluation criteria have been con-

sidered: 

A. Baseline Virtual Network Embedding Algorithms: By comparing against standard 

VNE algorithms such as Greedy Mapping, Node-Ranking-based Mapping, or Ran-

dom Mapping. These approaches provide a baseline for resource allocation and can 

highlight the improvements made by the traffic expertise-based approach [36].  

B. Network Performance Metrics: By evaluating using key performance indicators such 

as latency, throughput, and packet loss rate [37]. 

C. Resource Utilization and Scalability: Use metrics such as link and node utilization 

efficiency, load balancing index, and scalability under increased VNRs to compare 

resource optimization and scalability between schemes [38]. 
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Fig. 4. Methodology of the proposed TEVN 

 

3.5 Proposed TEVN Setup 

 

The following section specifies the proposed TEVN setup for TE embedding VNs with 

traffic-expertness using SDN and the Ryu controller given in Fig. 5 and the flow of the package 

provided in Fig. 6. The TEVN setup to embed VNs described in the paper offers a novel ap-

proach to effectively commoditize VNs in dynamic network environments by relying on current 

traffic scenarios. As described by integrating the principles of SDN and the Ryu controller, the 

proposed algorithm enables VNs to be dynamically premeditated based on traffic awareness to 

ensure rapid resource allocation and network efficiency. More particularly, this section de-

scribes the algorithm step-by-step established on the critical input factors and judgment accom-

plished as shown. The final point is the class Interface. It can be thought of as the Network 

Topology. It is an entire map of all the paths the data can travel. Knowing this, the SDN Con-

troller can select the lane to get data through. The last one that can be mentioned is the class 

Ryu Controller. This can be defined as the highway service team. It constantly keeps all lanes 
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clean so everything flows without additional layers. It modifies the lanes to evade traffic jams 

and assures all the data reaches the aim with no queues. Finally, we can draw the analogy with 

the primary function, which is a dispatcher. 

This method is used because it offers a comprehensive, adaptive approach to VN embed-

ding that aligns with the needs of dynamic and complex SDN environments. This solution en-

sures efficient resource utilization, enhanced QoS, and security robustness by leveraging cen-

tralized control, real-time monitoring, adaptive cost functions, and dynamic load balancing. 

This approach is efficient for applications requiring real-time adaptability, minimal latency, and 

high scalability—such as cloud services, IoT, or mobile networks. 

 

 
Fig. 5. Embedding Ryu controller in the TEVN network topology 

 

 
Fig. 6. Packet flow of the proposed TEVN network topology 

4. RESULT AND ANALYSIS  
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4.1 Performance evaluation 

In this paper, the efficacy of our proposed algorithm is compared to the following 

methods as benchmarks. 

A. Benchmark 1: This integration of traffic expertise into the virtual network em-

bedding process allows the proposed algorithm to allocate resources optimally 

and find the best routing paths that adapt to traffic changes. As a result, the SDN 

controller can adequately manage traffic and balance loads and resources to en-

sure that the network resources are decently used according to the network’s cur-

rent demands. The experimental assessments show the effectiveness of the intro-

duced solution in dealing with network traffic variations and prove that the SDNV 

algorithm enhances network performance, scalability, and adaptability in SDN 

networks [39]. 

B. Benchmark 2: The study presented an original method to embed virtual networks 

using SDN and the Ryu controller, using real-time traffic awareness. By optimiz-

ing the virtual network topology in response to traffic data, the system enhances 

the quality of service while improving routing algorithms and resource distribu-

tion. Since the SDN controller tracks network status and changes routing paths in 

reaction to it regularly, congestion and latency are continually minimized because 

the research method continuously loops its phases to improve the outcomes [40]. 

C. Benchmark 3: This adaptive mechanism ensures that virtual networks may be de-

veloped and reconfigured dynamically according to altering traffic patterns and 

network infrastructure demands. Via the centralized control enabled by SDN and 

the expertness techniques in traffic used in the embedding process, the study al-

lows for acquiring highly adaptable virtual networks that may efficiently adjust 

to shifting network traffic for maximizing optimization [41]. 

4.2 Experimental results  

This section presents the experimental results of evaluating the proposed methodol-

ogy for virtual network embedding with traffic awareness using SDN and the Ryu control-

ler. The experiments assessed the system's performance across various key performance 

parameters. These parameters include network latency, throughput, bandwidth utilization, 

packet loss, and resource allocation efficiency. By measuring and analyzing these metrics, 

we aim to gain insights into the effectiveness and efficacy of the proposed approach in 

optimizing network performance and ensuring QoS in dynamic network environments. 

 

4.2.1 TEVN Bandwidth 

For evaluating the Ryu controller performance regarding bandwidth, we have used 

the iperf3 benchmark utility, one of the most commonly used utilities to generate TCP 

traffic. Benchmarking was done for TCP bandwidth between the nodes in the network's 

topology. The iperf3 command was run for 10 seconds. The TCP bandwidth results are 

graphed in Fig. 7. 

It is to be noted that the tables contain experimental results from the research, which 
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provide indicative data transmission and bandwidth utilization between various nodes in 

the network. In each table, the row indicates the communication link between two nodes 

identified as h1 to h4. The “Data transmit KB” column presents the amount of data trans-

ferred between the given nodes, denoted in kilobytes. For example, from node h1 to h2, 

the total data transmitted amounted to 3,223,450 KB. In the “TEVN Bandwidth Gbps” 

column, the bandwidth utilization for the TEVN between the given nodes is identified in 

gigabits per second. It assesses the extent of consumed bandwidth in the network based on 

the aspects of traffic efficiency provided by the research. 

The table compares the default bandwidth and the bandwidth achieved using TEVN 

between different nodes in the network, as shown in Fig. 8. In the default scenario, the 

bandwidth between nodes "h1" and "h2" is 25.1 Gbps. In contrast, with TEVN, it increases 

to 26.7 Gbps. Similarly, the bandwidth between nodes "h1" and "h3" improves from 24.5 

Gbps to 25.2 Gbps with TEVN. Node "h1" to "h4" shows an enhancement from 24.4 Gbps 

to 25 Gbps. For nodes "h2" to "h3," "h2" to "h4," and "h3" to "h4," where the default 

bandwidth is only 0.2 Gbps due to a bottleneck, TEVN significantly boosts the bandwidth 

to 24.8 Gbps, 23.8 Gbps, and 22.7 Gbps, respectively. This enhancement demonstrates the 

effectiveness of TEVN in optimizing bandwidth allocation and improving network perfor-

mance between various nodes. 

 

 
Fig. 7. Bandwidth of TEVN 

4.2.2 TEVN Throughput 

The throughput evaluation is dedicated to defining how much data could be processed 

by the controller from one node to another. This included determining the level of data that 

the two node points could support to be transferred or received per second or data packets 

per second. The iperf3 was used for this evaluation, and the utility running the TCP con-

nection – iperf3- was executed on the client-side one and lasted 10 seconds. The data was 

collected from the server side on a one-second basis. The results of this model are presented 
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in Fig. 9. 

The above figure gives the throughput (in Gbps) observed between node pairs in the 

network. The rows correspond to the source nodes h1, h2, and h3, whereas the columns 

correspond to the destination nodes h2, h3, and h4, respectively. The entries in each cell 

represent the throughput of data observed from the source node to the destination node in 

the figure above. For example, the data observed for the first row of h1 to h2 is 20.9 Gbps, 

20.2 Gbps, 27.3 Gbps, and 28.5 Gbps. Here, each value indicates the variation in the 

throughput observed from the source node to the destination node. 

Similarly, the second row represents the throughput observed for data transmission 

from node "h1" to node "h3." The values in this row range from 20.9 Gbps to 28.5 Gbps, 

indicating the varying throughput observed between these two nodes under different net-

work conditions. 

 
Fig. 8. Comparison between the default bandwidth and the bandwidth achieved using TEVN be-

tween different nodes in the network 
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Fig. 9. Throughput of TEVN 

 

4.2.3 TEVN Packet Loss 

Packet loss minimization is critical for virtual network embedding with traffic aware-

ness through SDN and the Ryu controller, as the solution is designed for fast and reliable 

data transmission. The control will rely on dynamic routing and traffic management to 

reduce packet loss instances while maintaining optimal network performance. The solution 

will ensure low packet loss rates with real-time monitoring and adaptive control, improv-

ing QoS overall.  

 
Table 3. TEVN Packet loss at two different bandwidths. 

Connecting Nodes Packet Loss at 10 Mbps Packet Loss at 50 Mbps 

H1 to H2 0.015 0.049 

H1 to H3 0.44 0.099 

H1 to H4 0.035 0.07 

H2 to H3 0.012 0.038 

H2 to H4 0.4 0.098 

H3 to H4 0.02 0.059 

 

Table 3 and Fig. 10 below summarize the packet loss measurement between node 

pairs at two bandwidth settings, including 10 Mbps and 50 Mbps. Each cell shows the 

packet loss values between the paired nodes at a designated bandwidth level. 

For example, between nodes h1 and h2, the packet loss rate is 0.015 when the band-

width is 10 Mbps and 0.049 when the bandwidth is 50 Mbps. Similarly, each row repre-

sents a source node, each column represents a destination node, and the values indicate the 

packet loss rates observed during the experiment. These measurements help assess the im-

pact of varying bandwidth on packet loss in the network topology. 
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Fig. 10. Visual representation of TEVN packet loss at two different bandwidths  

4.2.4 TEVN RTT 

The controller measured RTT, commonly called ping time, which signifies a packet’s 

duration to travel to a specific destination and return. This time encompasses the propaga-

tion delays between a signal's transmitting and receiving points. The ping utility utilizes 

ICMP to dispatch message packets for error reporting and other purposes. In this simula-

tion, the ping command was executed on the client side to gauge RTT, where the client 

node dispatched ICMP echo requests to designated server nodes and awaited the corre-

sponding echo reply packets. Ten ICMP packets were transmitted from node h1 to node 

h2, h1 to h3, and h2 to h3. The RTT was measured for each packet, and the minimum, 

maximum, and average values were determined. Fig. 11 illustrates three distinct scenarios, 

depicting minimum RTTs of 0.061 ms, 0.055 ms, and 0.058 ms; average RTTs of 1.411 

ms, 1.050 ms, and 0.918 ms; and maximum RTTs of 10.305 ms, 9.668 ms, and 8.149 ms. 

 

h1 to h2

h1 to h3

h1 to h4

h2 to h3

h2 to h4

h3 to h4

0 0.1 0.2 0.3 0.4 0.5

C
o

n
n

e
ct

in
g 

N
o

d
e

s

Packet Loss Percentage

Packet Loss at bandwidth of 10 Mbps

Packet Loss at bandwidth of 50 Mbps



 25 

 
Fig. 11. Three distinct scenarios depicting minimum, average, and maximum TEVN’s RTT  

5. CONCLUSION AND FUTURE SCOPE 

In summary, this study presented a comprehensive investigation of the performance 

of TEVN embedding using the Ryu controller in an SDN environment. In summary, this 

research evaluated the performance of TEVN concerning network performance and flexi-

bility, particularly when combined with the Ryu controller. This was achieved through 

extensive testing and examination of the assessed parameters, primarily latency, through-

put, packet loss, and RTT. These findings demonstrated that TEVN’s incorporation with 

the Ryu controller is superior to previous approaches and boosts network performance, 

resource utility, and quality of service. Based on this, this research demonstrates the sig-

nificant role of his TEVN in dealing with the inconsistent nature of network traffic and 

strengthening the capabilities of SDN technology. To conclude, his study illustrates the 

considerable promise of TEVN in reorganizing network management and optimization in 

SDN surroundings.  

We showed that by using TEVN and Ryu controllers, all network performance met-

rics have significantly improved, demonstrating the method's efficiency in satisfying the 

changing demands of current network infrastructures. In the future, it is worth continuing 

the research efforts to improve the TEVN algorithm, carry out scalability checks, and ob-

serve practical implementation cases to validate their immediate relevance to the network. 

Overall, this research contributes to the continued development of his SDN technology and 

paves the way for future network optimization and efficiency advances. Future work can 

focus on extending the framework to accommodate dynamic and heterogeneous traffic 

patterns in large-scale, real-world SDN deployments. Incorporating advanced machine 

learning models for predictive analytics could enable proactive decision-making and more 

efficient resource allocation in media transmission [42]. 
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