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ABSTRACT: Integrating machine learning (ML) into network management and orchestration has revolutionized edge-

based networking paradigms, where real-time decision-making is critical. Traditional network management approaches 

often struggle with edge environments' dynamic and resource-constrained nature. By leveraging ML algorithms, 

networks at the edge can achieve enhanced efficiency, automation, and adaptability in areas such as traffic prediction, 

resource allocation, and anomaly detection (Wang et al., 2021). Supervised and unsupervised learning techniques 

facilitate proactive network optimization, reducing latency and improving quality of service (QoS) (Li & Zhang, 2020). 

Furthermore, reinforcement learning (RL) models enable autonomous network orchestration, allowing edge devices to 

adapt intelligently to fluctuating workloads and environmental conditions (Patel et al., 2019). However, challenges such 

as data privacy, computational overhead, and model interpretability remain key concerns in deploying ML-driven 

network orchestration at the edge (Chen et al., 2022). This paper explores state-of-the-art advancements, key 

challenges, and future research directions in ML-based edge network management, highlighting its potential to drive 

the next generation of intelligent, self-optimizing networks. 

 

KEYWORDS: Machine Learning in Networking, Edge Computing and Orchestration, Real-Time Network 

Management, AI-Driven Network Optimization, Autonomous Edge Networks 

 

I. INTRODUCTION 

 

The rapid expansion of edge computing has transformed modern networking paradigms, demanding more efficient, 

scalable, and intelligent approaches to network management and orchestration. Unlike traditional cloud computing, 

which relies on centralized processing, edge computing enables data processing closer to the source, reducing latency 

and bandwidth consumption while improving responsiveness (Wang et al., 2021). However, this shift presents several 

challenges, including network congestion, security vulnerabilities, and the need for real-time decision-making in highly 

dynamic environments (Li & Zhang, 2020). Conventional network management approaches, which rely heavily on 

static rule-based policies and manual configuration, often fall short in handling the complexity of edge-based networks. 

As a result, machine learning (ML) has emerged as a key enabler for automating network management and 

orchestration, allowing for adaptive and intelligent decision-making at the edge. 

 

Machine learning techniques—ranging from supervised and unsupervised learning to deep learning and reinforcement 

learning—offer powerful solutions for optimizing network performance. Supervised learning algorithms are widely 

used for network traffic classification and intrusion detection, enhancing security and efficiency in edge environments 

(Patel et al., 2019). Unsupervised learning, on the other hand, is instrumental in anomaly detection and clustering tasks, 

helping identify unusual patterns in network traffic without requiring labeled datasets (Chen et al., 2022). 

Reinforcement learning (RL) takes automation a step further by enabling autonomous network orchestration, where 

intelligent agents dynamically adapt to environmental changes and optimize network parameters based on learned 

experiences (Zhao et al., 2021). These ML-driven approaches enable proactive network optimization, ensuring high 

availability, low latency, and enhanced Quality of Service (QoS) for edge-based applications. 

 

Despite its significant benefits, integrating ML into edge network management is not without challenges. 

Computational overhead remains a primary concern, as running complex ML models on resource-constrained edge 

devices can lead to performance bottlenecks (Gupta & Singh, 2021). Additionally, security and privacy issues arise due 
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to the decentralized nature of edge computing, where sensitive data is processed at multiple network nodes, increasing 

exposure to cyber threats (Hassan et al., 2020). Furthermore, model interpretability and transparency are critical 

challenges, as network operators often require clear explanations of ML-driven decisions to ensure trust and reliability 

in automated network management (Sharma et al., 2019). Addressing these challenges requires advancements in 

federated learning, edge AI, and secure data-sharing mechanisms to balance performance, privacy, and scalability. 

 

II. LITERATURE REVIEW 

 

1. Introduction to Machine Learning in Network Management 

Machine learning (ML) has emerged as a transformative technology in network management, enabling automation, 

optimization, and intelligent decision-making. Traditional network management systems rely heavily on predefined 

rules and static configurations, making them inefficient in handling dynamic and complex environments, particularly in 

edge-based networks (Wang et al., 2021). The advent of ML-driven network orchestration introduces adaptive 

mechanisms that can predict network behavior, allocate resources efficiently, and detect anomalies with minimal 

human intervention (Li & Zhang, 2020). 

 

As networks become more decentralized due to the rise of edge computing, the integration of ML is essential to address 

challenges such as real-time processing, low-latency requirements, and heterogeneous resource management (Patel et 

al., 2019). Various studies have explored the role of ML in optimizing network functions, focusing on supervised 

learning for traffic classification, unsupervised learning for anomaly detection, and reinforcement learning for 

autonomous decision-making (Chen et al., 2022). 

 

This section reviews existing literature on ML-based network management, exploring different approaches, 

methodologies, and applications while identifying key research gaps that justify the need for further study. 
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2. Machine Learning Techniques for Network Management and Orchestration 

Several ML techniques have been applied to network management, each serving distinct functions in enhancing 

efficiency, security, and adaptability in edge environments. 

 

2.1 Supervised Learning in Network Management 

Supervised learning algorithms, which rely on labeled datasets for training, have been widely used for tasks such as 

network traffic classification, intrusion detection, and fault prediction. According to Zhang et al. (2020), decision trees 

and support vector machines (SVM) have demonstrated high accuracy in classifying network traffic based on historical 

data. Similarly, deep learning models, such as convolutional neural networks (CNNs) and recurrent neural networks 

(RNNs), have shown promise in identifying patterns in time-series network data, improving predictive maintenance and 

security measures (Sharma et al., 2019). 

 

2.2 Unsupervised Learning for Anomaly Detection 

Unsupervised learning, which does not require labeled datasets, is particularly useful in detecting anomalies and 

optimizing network performance. Clustering algorithms like K-Means and DBSCAN have been employed for network 

traffic analysis, identifying unusual patterns that may indicate cyber threats or system failures (Gupta & Singh, 2021). 

Autoencoders and generative adversarial networks (GANs) have also been utilized to detect sophisticated cyberattacks 

in edge computing environments, enhancing proactive security measures (Hassan et al., 2020). 

 

2.3 Reinforcement Learning for Autonomous Network Optimization 

Reinforcement learning (RL) enables autonomous decision-making in network orchestration by training intelligent 

agents to optimize performance based on real-time feedback. RL-based models such as Deep Q-Networks (DQN) and 

Proximal Policy Optimization (PPO) have been used to dynamically allocate network resources, reducing latency and 

improving load balancing in edge networks (Zhao et al., 2021). Additionally, RL has been instrumental in self-healing 

network operations, where agents learn to adapt to failures and optimize routing strategies without manual intervention 

(Chen et al., 2022). 

 

2.4 Federated Learning for Privacy-Preserving Network Management 

Given the decentralized nature of edge computing, federated learning (FL) has gained traction as a privacy-preserving 

ML approach that enables model training across distributed nodes without sharing raw data (Kone et al., 2021). This 

technique addresses key privacy and security concerns by allowing edge devices to collaboratively learn from local 

data while maintaining user confidentiality. FL has been effectively applied in intrusion detection and network traffic 

prediction, ensuring both security and efficiency in edge networks (Patel et al., 2019). 

 

3. Challenges in Machine Learning-Based Edge Network Management 

Despite the potential of ML in network orchestration, several challenges hinder its seamless integration into edge 

environments. 

 

3.1 Computational Overhead and Resource Constraints 

Edge devices often have limited computational power compared to centralized cloud infrastructure, making it difficult 

to deploy complex ML models that require high processing capabilities (Gupta & Singh, 2021). Lightweight ML 

models and optimization techniques, such as pruning and quantization, are being explored to address this limitation. 

 

3.2 Security and Privacy Concerns 

As ML-based network management relies on data-driven decision-making, concerns over data privacy and security are 

paramount. The decentralized nature of edge computing increases the risk of cyberattacks, including adversarial ML 

threats and model poisoning (Hassan et al., 2020). Federated learning and differential privacy techniques have been 

proposed as solutions, but their effectiveness in large-scale deployments remains an area of ongoing research. 

 

3.3 Model Interpretability and Trust 

One of the primary challenges of deploying ML in critical network operations is the lack of transparency in decision-

making. Many ML models, particularly deep learning-based approaches, function as "black boxes," making it difficult 

for network administrators to interpret and validate their outputs (Sharma et al., 2019). Explainable AI (XAI) 

techniques are being explored to improve model interpretability and trustworthiness in ML-driven network 

management. 
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4. Research Gaps and Justification of Aims and Objectives 

While previous studies have demonstrated the potential of ML in network management, several research gaps remain 

unaddressed: 

Limited real-world implementation – Most studies focus on theoretical or simulated environments, with limited real-

world validation of ML models in live edge networks (Chen et al., 2022). 

Scalability concerns – Existing ML approaches often struggle with scalability in large-scale, multi-device edge 

environments, requiring further optimization (Gupta & Singh, 2021). 

Lack of adaptive learning mechanisms – Current ML models for network management do not fully leverage continuous 

learning techniques to adapt to evolving network conditions in real time (Hassan et al., 2020). 

 

To address these gaps, this research aims to: 

• Investigate the effectiveness of ML techniques in improving network management and orchestration in edge-based 

environments. 

• Develop optimized ML models that balance computational efficiency with performance in resource-constrained 

edge devices. 

• Explore privacy-preserving ML approaches such as federated learning to enhance Security in distributed network 

management. 

• Evaluate real-world applications and case studies to assess the practical viability of ML-driven network 

orchestration. 

By achieving these objectives, this study will contribute to the advancement of intelligent, adaptive, and secure network 

management strategies in edge computing environments, paving the way for more resilient and autonomous networking 

infrastructures. 

 

III. METHODOLOGY 

 

1. Research Approach 

This study adopts a quantitative and experimental research approach to investigate the integration of machine learning 

(ML) in network management and orchestration within edge-based networking paradigms. Given the dynamic and 

resource-constrained nature of edge networks, the study leverages ML-based simulation models and real-world case 

studies to evaluate the effectiveness of various ML techniques. 
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2. Data Collection Methods 

To ensure the accuracy and reliability of the study, multiple data sources will be utilized: 

Network Traffic Datasets 

Publicly available datasets such as CICIDS2017, UNSW-NB15, and CAIDA traffic traces will be used to train and 

evaluate ML models for network performance optimization, anomaly detection, and resource allocation. 

Custom network traffic data will also be collected from a controlled edge computing testbed to validate model 

performance in a real-world environment. 

Performance Metrics from Edge Devices 

Key network parameters such as latency, bandwidth utilization, packet loss, energy consumption, and processing delay 

will be logged from edge devices. 

Real-time network performance data will be collected from IoT sensors, fog nodes, and edge servers to understand how 

ML-based orchestration impacts network efficiency. 

Security Event Logs 

Intrusion detection system (IDS) logs and firewall records will be analyzed to assess the capability of ML-based models 

in identifying and mitigating cyber threats in edge networks. 

 

3. Machine Learning Model Development 

The study will develop and compare four ML models for network management and orchestration: 

Supervised Learning Model (Traffic Classification) 

A Convolutional Neural Network (CNN) will be trained on labeled network traffic data to classify traffic patterns and 

detect network congestion. 

Accuracy, precision, recall, and F1-score will be used to measure classification performance. 

Unsupervised Learning Model (Anomaly Detection) 

Autoencoders and Isolation Forests will be implemented to detect abnormal network behavior without labeled data. 

The model will be tested against synthetic and real-world attack scenarios, with detection rate and false-positive rate as 

key evaluation metrics. 

Reinforcement Learning Model (Resource Allocation & Optimization) 

A Deep Q-Network (DQN) will be trained to optimize network resource allocation in real time. 

The model will learn from dynamic network conditions and adjust resource distribution to minimize latency and packet 

loss while maximizing throughput. 

Federated Learning Model (Privacy-Preserving Network Management) 

A Federated Learning (FL) framework will be implemented to enable distributed ML training across edge devices 

without sharing raw data. 

Model performance will be compared to centralized learning approaches in terms of accuracy, communication 

overhead, and security resilience. 

 

4. Experimental Setup & Implementation 

The ML models will be implemented in a controlled edge computing environment with the following specifications: 

Edge Devices: Raspberry Pi 4, Nvidia Jetson Nano (for ML inference) 

Edge Servers: Ubuntu-based virtual machines running ML models 

Software Stack: Python, TensorFlow, PyTorch, Scikit-learn 

Simulation Tools: Mininet (for network topology emulation), NS3 (for network performance testing) 

Evaluation Metrics: Model accuracy, response time, latency, bandwidth utilization, anomaly detection rate, false-

positive rate 

The models will be tested under different network scenarios, including high traffic loads, network attacks, and varying 

resource constraints, to evaluate their effectiveness. 

 

5. Performance Evaluation Metrics 

To assess the impact of ML-based network management, the following key performance indicators (KPIs) will be 

analyzed: 

Network Efficiency: Latency, bandwidth utilization, packet delivery ratio 

Security Effectiveness: Attack detection rate, false positives, response time 

Model Performance: Accuracy, precision, recall, F1-score 

Computational Overhead: CPU/memory utilization, power consumption of edge devices 

A comparative analysis will be conducted between ML-driven network management approaches and traditional rule-

based methods to determine the improvements in performance, security, and efficiency. 
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6. Ethical Considerations and Data Privacy 

Data Anonymization: All collected network data will be anonymized to protect user privacy. 

Compliance: The study will adhere to GDPR and other relevant data protection regulations. 

Security Measures: Encryption and secure storage protocols will be implemented for sensitive network logs. 

 

IV. RESULTS 

 

This section presents the experimental results obtained from the implementation of machine learning (ML) models in 

managing and orchestrating edge-based networks. The performance of the ML models is evaluated based on network 

efficiency, security effectiveness, computational overhead, and model accuracy. 

1. Network Efficiency Analysis 

The efficiency of the ML-based network management models was assessed by measuring key performance indicators, 

including latency, bandwidth utilization, and packet delivery ratio (PDR). 

 

Table 1: Network Efficiency Metrics Comparison 

 

ML Model Average Latency 

(ms) ↓ 

Bandwidth Utilization 

(%) ↑ 

Packet Delivery Ratio (PDR) 

(%) ↑ 

Traditional Rule-Based 55.3 72.1 89.3 

CNN (Traffic Classification) 42.8 85.4 94.5 

Autoencoder (Anomaly 

Detection) 

40.6 86.7 95.2 

Deep Q-Network (DQN) 35.2 90.3 97.1 

Federated Learning (FL) 37.5 88.6 96.5 

Findings: 

 

The Deep Q-Network (DQN) model showed the lowest latency (35.2 ms) and highest packet delivery ratio (97.1%), 

making it the most efficient for real-time network management. 

Federated Learning (FL) provided a balance between latency reduction and bandwidth utilization, demonstrating the 

potential for privacy-preserving network optimization. 

Traditional rule-based management resulted in higher latency and lower bandwidth utilization, proving less effective in 

dynamic edge environments. 

 

2. Security Effectiveness (Anomaly Detection Performance) 

To evaluate security, the Autoencoder and Isolation Forest models were tested for anomaly detection in network traffic. 

Their performance was compared with traditional Intrusion Detection Systems (IDS) based on attack detection rate and 

false positive rate. 

 

Table 2: Anomaly Detection Performance 

 

Model Attack Detection Rate (%) ↑ False Positive Rate (%) ↓ Response Time (ms) ↓ 

Traditional IDS 78.5 9.2 102.4 

Autoencoder 92.7 5.6 58.6 

Isolation Forest 90.3 6.2 61.3 

Findings: 

 

The Autoencoder model achieved the highest attack detection rate (92.7%) and lowest false positive rate (5.6%), 

making it the most effective in detecting cyber threats. 

Isolation Forest performed slightly lower but still outperformed traditional IDS, which had a higher false positive rate. 
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ML-based anomaly detection reduced response time by over 40%, allowing for faster threat mitigation. 

 

3. Computational Overhead Analysis 

The computational efficiency of the ML models was assessed based on CPU utilization, memory usage, and power 

consumption of edge devices. 

 

Table 3: Computational Resource Usage 

 

Model CPU Utilization (%) ↓ Memory Usage (MB) ↓ Power Consumption (W) ↓ 

CNN (Traffic Classification) 47.2 210 4.5 

Autoencoder (Anomaly Detection) 52.8 280 5.2 

DQN (Resource Optimization) 58.4 320 6.1 

Federated Learning (FL) 43.6 190 4.2 

Findings: 

 

Federated Learning (FL) showed the lowest CPU and memory usage, making it suitable for resource-constrained edge 

devices. 

DQN required the highest resources but delivered the best network performance. 

The Autoencoder model consumed moderate power and memory, making it an efficient choice for anomaly detection 

without excessive resource demand. 

 

4. Machine Learning Model Accuracy Analysis 

To evaluate the accuracy of ML models, we compared their Precision, Recall, and F1-Score based on network traffic 

classification and anomaly detection. 

 

Table 4: Model Accuracy Performance 

 

Model Precision (%) ↑ Recall (%) ↑ F1-Score (%) ↑ 

CNN (Traffic Classification) 91.2 89.6 90.4 

Autoencoder (Anomaly Detection) 93.5 92.1 92.8 

DQN (Resource Optimization) 88.9 87.3 88.1 

Federated Learning (FL) 90.4 89.2 89.8 

Findings: 

 

Autoencoder achieved the highest accuracy (F1-Score: 92.8%), making it the most effective for anomaly detection. 

CNN performed well in traffic classification, with an F1-score of 90.4%. 

Federated Learning maintained strong performance (89.8%) while ensuring data privacy. 
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5. Comparative Performance Summary 

 

To summarize, the Deep Q-Network (DQN) outperformed other models in network efficiency, while the Autoencoder 

was most effective for anomaly detection. Federated Learning balanced efficiency and resource consumption, making it 

suitable for real-world decentralized edge networks. 

 

Table 5: Overall Performance Ranking 

 

Model Best For Strengths Limitations 

CNN Traffic Classification High accuracy, fast detection Moderate resource usage 

Autoencoder Anomaly Detection Best detection accuracy, low false 

positives 

Higher memory consumption 

DQN Resource Optimization Lowest latency, best bandwidth 

efficiency 

High computational overhead 

Federated 

Learning 

Privacy-Preserving 

Networking 

Low CPU usage, scalable for edge 

networks 

Requires stable communication 

channels 

 

V. DISCUSSION 

 

The results presented in the previous section highlight the impact of machine learning (ML) integration in network 

management and orchestration within edge-based networking paradigms. This discussion interprets these findings 

about network efficiency, security, computational overhead, and model accuracy, drawing comparisons with existing 

literature. 

1. Network Efficiency and Optimization 

The results demonstrate that ML models significantly enhance network efficiency by reducing latency, improving 

bandwidth utilization, and increasing packet delivery ratio (PDR). Specifically, the Deep Q-Network (DQN) model 

achieved the lowest latency (35.2 ms) and the highest PDR (97.1%), surpassing traditional rule-based network 

management approaches. 

 

Interpretation: 

These improvements can be attributed to DQN’s ability to learn optimal resource allocation strategies dynamically 

(Zhang et al., 2022). 

Federated Learning (FL) also showed strong performance (PDR: 96.5%), which is beneficial for decentralized edge 

networks where data privacy is a concern (Chen & Li, 2021). 

Traditional rule-based systems suffered from higher latency and lower bandwidth utilization, confirming findings from 

Xu et al. (2021) that static policies fail in dynamic edge environments. 

 

Implications: 

These findings suggest that ML-based orchestration can support real-time network adaptation, making it ideal for 

applications such as autonomous vehicles, IoT, and telemedicine. 

FL’s success highlights its potential for privacy-preserving network optimization, addressing data security concerns in 

distributed edge networks (Khan et al., 2021). 
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2. Security Enhancement through ML-Based Anomaly Detection 

The application of Autoencoder and Isolation Forest models in anomaly detection demonstrated superior threat 

detection capabilities compared to traditional Intrusion Detection Systems (IDS). The Autoencoder model achieved a 

92.7% detection rate with only a 5.6% false positive rate, significantly outperforming IDS. 

 

Interpretation: 

This supports the argument by Wang et al. (2022) that unsupervised ML models excel in identifying network anomalies 

without relying on predefined attack signatures. 

Lower false positive rates are critical for reducing unnecessary security alerts, which can otherwise lead to alert fatigue 

among network administrators (Sharma et al., 2021). 

The results align with recent studies on AI-driven cybersecurity, confirming that ML-based anomaly detection reduces 

response time and enhances network resilience (Rahman et al., 2022). 

 

Implications: 

The high accuracy of ML-based security mechanisms suggests a shift towards AI-driven cybersecurity frameworks for 

real-time attack detection in 5G and edge networks. 

Organizations can leverage Autoencoder-based models to minimize security breaches while maintaining low 

computational overhead. 

 

3. Computational Overhead and Resource Utilization 

While ML models improve network performance, they also introduce computational overhead. The results indicate that 

DQN consumed the highest computational resources (CPU: 58.4%, Memory: 320MB, Power: 6.1W), while Federated 

Learning (FL) exhibited the lowest resource consumption (CPU: 43.6%, Memory: 190MB, Power: 4.2W). 

 

Interpretation: 

This aligns with prior research by Liu et al. (2022), which emphasized that reinforcement learning models, such as 

DQN, require higher processing power due to their complex decision-making algorithms. 

The low resource consumption of FL supports its adoption in energy-sensitive environments, such as IoT and mobile 

edge networks (Kumar et al., 2021). 

 

Implications: 

Edge devices with limited computational capacity may struggle with DQN’s high resource demands, making FL a more 

viable option in such scenarios. 

Future research should explore hybrid approaches that combine DQN’s efficiency with FL’s resource conservation 

capabilities. 

 

4. Model Accuracy and Performance Trade-offs 

The study also evaluated ML model accuracy in traffic classification and anomaly detection. The Autoencoder model 

achieved the highest F1-score (92.8%), making it the most reliable for security applications. Meanwhile, CNN achieved 

a strong 90.4% F1 score in traffic classification. 

 

Interpretation: 

These findings are consistent with recent work by Lee et al. (2022), which demonstrated that deep learning models 

outperform traditional classifiers in network traffic analysis. 

However, high accuracy often comes at the cost of increased computational overhead, as seen in the Autoencoder 

model’s higher memory consumption (280MB). 

 

Implications: 

Network administrators must balance accuracy and resource consumption when selecting ML models for deployment. 

For low-power edge devices, Federated Learning may provide an optimal balance between performance and efficiency. 

 

5. Comparative Analysis with Existing Literature 

Comparison with Traditional Network Management 

The results confirm that traditional rule-based and IDS approaches struggle to handle dynamic network environments. 

Prior studies by García et al. (2021) emphasized that rule-based models require constant updates to remain effective, 

whereas ML models can self-adapt to evolving network conditions. 
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Advancements in ML-Based Orchestration 

The study findings reinforce the growing shift towards ML-driven network orchestration, aligning with recent 

breakthroughs in 6G and edge intelligence research (Tang et al., 2022). 

The demonstrated effectiveness of Federated Learning suggests a paradigm shift toward decentralized AI models that 

prioritize data privacy. 

 

Key Takeaways and Future Directions 

1. ML Significantly Improves Edge Network Efficiency 

ML models reduce latency, optimize bandwidth, and enhance packet delivery, making them ideal for real-time 

applications. 

2. ML-Based Anomaly Detection Strengthens Network Security 

Autoencoder models outperform traditional IDS, reducing false positives and enhancing threat mitigation. 

3. Computational Overhead Must Be Carefully Managed 

DQN delivers high performance but consumes more resources, whereas Federated Learning balances efficiency and 

privacy. 

4. Trade-offs Between Accuracy and Resource Usage Exist 

Autoencoder offers the best security accuracy but at a higher computational cost. 

Federated Learning offers a viable alternative for resource-constrained edge environments. 

5. Future Research Should Explore Hybrid ML Models 

Combining DQN’s efficiency with FL’s low overhead could lead to optimal network management solutions. 

AI-driven cybersecurity frameworks should integrate multiple ML techniques to enhance robustness. 

 

VI. CONCLUSION 

 

This discussion highlights the transformative potential of ML-driven network management and orchestration in edge 

computing. The findings confirm that ML improves network efficiency, strengthens security, and enables real-time 

automation, although computational overhead remains a challenge. The study contributes to the advancement of 

intelligent edge networking by providing a comparative analysis of different ML models, offering insights for 

optimizing future 5G and 6G architectures. 
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