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Abstract 

The AI-based network management has been recognized as an important facilitator for 

dealing with the increasing complexity, size, and dynamics of modern communication 

networks. The growth of data communication, heterogeneous networked devices, and stringent 

network services requires effective network management techniques to ensure the 

performance, reliability, and security of communication networks. Machine Learning (ML) 

and Deep Learning (DL) techniques are recognized as intelligent tools to support network 

management functions such as traffic prediction, resource management, anomaly detection, 

fault diagnosis, routing control, and security services. This review article discusses the state-

of-the-art ML and DL techniques applied to network management, including the 

methodologies and paradigms of these techniques. The major developments in supervised, 

unsupervised, and reinforcement learning are discussed to support intelligent decision-making 

for network management. The review article also addresses the major research challenges of 

network management using ML and DL techniques. The research challenges are identified as 

the scarcity of network data, interpretability of ML models, computational complexity, real-

time requirements, and security risks. Finally, future directions for scalable, explainable, and 

fully autonomous AI-driven network management systems are discussed. 

Keywords: 5G/6G Networks, Network Automation, Traffic Prediction, Anomaly Detection, 

Intrusion Detection Systems, Software-Defined Networking (SDN), Network Function 

Virtualization (NFV).   
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 Introduction 

With the rapid growth of digital services, cloud computing, Internet of Things (IoT) 

devices, and 5G communications, modern networks have become more complex than ever 

before. Traditional methods for managing networks use a lot of manual configuration and rule- 

based systems and are not adequate to support the size, dynamic nature, and performance of 

modern infrastructures. Networks continue to grow and produce an enormous amount of traffic 

data; therefore, intelligent solutions that can automate network management are necessary to 

maintain reliability, security, and operational efficiency. AI (Artificial Intelligence), notably 

via ML (Machine Learning) and DL (Deep Learning), is transforming network management in 

modern networks. Network management based on AI uses data collected from routers, 

switches, servers and end-user devices to find patterns, predict failures, detect anomalies, and 

optimize resource allocation in real time. Both ML and DL can learn from historical data, adapt 

to dynamic network conditions, and continually enhance performance without requiring any 

reprogramming. traffic classification, congestion control, intrusion detection, and predictive 

maintenance are applications of machine learning techniques, like supervised learning, 

unsupervised learning, or reinforcement learning, combining with deep learning models, like 

convolutional neural network (CNN) and recurrent neural network (RNN), which offer more 

advanced features like complex pattern recognition, time series prediction, and automated fault 

diagnosis. machine learning techniques offer more network visibility, downtime reduction, and 

proactive decision-making. This review article attempts to offer a comprehensive discussion 

on machine learning and deep learning techniques that have been applied for the management 

of computer networks, along with various models, learning paradigms, application areas, and 

future directions. 

 Related Work 

Vijay et al. (2023) proposed that AI is the development of techniques and technologies 

capable of acquiring knowledge and making decisions or predictions based on that knowledge. 

They introduced a novel approach to transforming network management by utilizing both AI-

based Intrusion Detection Systems (IDS) and the BAT optimization strategy in conjunction 

with Deep Convolutional Neural Networks (DCNN). By leveraging the strengths of both deep 

learning and BAT, the aim is to enhance the performance of IDS within the context of network 

management through increased efficiency. This review supports the current studies in the area 
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of network security and improved network management systems [1]. Alaskar et al. (2021) 

reviewed that the rapid growth of Machine Learning and Deep Learning has led to many 

powerful applications across numerous disciplines, including image recognition, speech 

recognition, natural language processing, and has expanded into the world of healthcare. In this 

paper, they summarize all known techniques associated with Machine Learning and Deep 

learning, discussing the advantages and disadvantages of each, as well as recommendations for 

future use [2]. Javed et al. (2023) reviewed the two main categories of IoT that require security 

for user authentication, access control, and confidentiality of information:  IoMT (Internet of 

Medical Things) and IoV (Internet of Vehicles) devices, which provide real-time tracking of 

healthcare and traffic to potentially save lives. Security breach incidents are on the rise as these 

devices become more widespread, creating a need for implementing an IPS (Intrusion 

Prevention System) in these technologies. This article also identifies challenging areas of IoT 

security, offers direction for future research in IoT, and provides possibilities for improving 

IoT device security. [3].  

Sharifani et al. (2023) reviewed that the increase in the number of IoT devices has 

resulted in an increased likelihood of security breaches and attacks, creating a need for 

Intrusion Prevention Systems (IPS) within the ecosystem. Thus, the application of machine 

learning and deep learning methods will aid in establishing monitoring and protection 

mechanisms for the security of both IoMT and IoV devices. This article will analyze the current 

trends relating to security in our respective fields [4]. Janiesch et al. (2021) reviewed that AI-

based decisions will have a high value in the present rapidly transitioning and extremely 

competitive environment, which has surged interest in the use of industrial machine learning 

(ML) technology. The demand for analytical experts exceeds the current capacity of this 

workforce. Solutions to this problem could include developing easy-to-use ML frameworks so 

that ML software can be used by individuals who are not experts in computer programming 

techniques. AutoML is a means to address this issue of expertise by providing users with a 

fully automated, off-the-shelf solution for selecting models and optimum hyperparameter 

settings. This article highlights the issues in human machine interaction and AI subscriptions 

[5]. Ahmad et al. (2021) conducted a study in which we will first explain what intrusion 

detection systems (IDS) are, and then create a classification of them based on the most popular 

machine learning (ML) and deep learning (DL) techniques used to create network-based IDS 

(NIDS). We will conduct an extensive review of all current NIDS articles, highlighting both 
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the advantages and disadvantages of their recommended solutions. After that, we will provide 

examples of current trends and advances in ML and DL-based NIDS, including the types of 

methods they are using to evaluate their solutions, the evaluation metrics they are using, and 

the datasets they are using. We have also identified some of the challenges associated with each 

of the previously discussed methods and provided examples of opportunities for future research 

into improving ML and DL-based NIDS [6]. 

Yang et al. (2023) researched that telecommunication networks (TNs) have become the 

primary infrastructure for data communications in the world. Operations and maintenance 

(O&M) are critical for ensuring the availability, functionality, and/or efficiency of TN 

communications. While O&M for information technology (IT) systems, such as the cloud, has 

characteristics of artificial intelligence for IT operations (AIOps), O&M for TNs presents three 

different fundamental challenges: (1) network components are topologically dependent, (2) the 

software used in TNs is highly diverse and heterogeneous, and (3) the amount of failure data 

for TNs is limited. TelOps is the first O&M framework used for TNs that is enhanced in a 

systematic way by focusing on artificial intelligence, data, and empirical evidence [18].  

Table 1. Summary of Existing AI-Based Network Management Techniques 

Ref. Network 

Environme

nt 

Technique/ 

Algorithm 

used 

Dataset/Pl

atforms 

Limitations 

Jawad et 

al. [14] 

Multimedia 

& Smart TV 

Networks 

NFV & SDN Mininet Limited scalability under high 

traffic demand; dependency on 

centralized SDN controllers may 

introduce latency and single-point 

failure issues. 

Jiang et 

al. [16] 

5G 

Networks 

DT, SVM, 

kNN 

iPerf3 High implementation complexity 

and significant computational 

overhead; real-time deployment 

challenges in large-scale networks. 

Ramesh 

et al.  [7] 

5G Network 

Reliability 

Network 

Management 

Automation 

Algorithm 

(NMAA) 

Computer 

Network 

Traffic 

Performance depends heavily on 

predefined policies; limited 

adaptability to dynamic network 

conditions. 
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Hadi et 

al.  [8] 

Wireless 

Sensor 

Networks 

(WSNs) 

Q-learning 

Algorithm 

Bassam 

Kasasbeh 

Resource-constrained sensor nodes 

restrict model execution; increased 

processing overhead affects energy 

efficiency. 

Sattar et 

al.  [9] 

Water 

network 

managemen

t 

Feed-

Forward 

Artificial 

Neural 

Network 

PRTools Requires high-quality training data; 

limited robustness against noisy or 

incomplete real-world data. 

Salman 

et al. 

[10] 

Data Center 

Networks 

 

RL Mininet Training complexity increases with 

topology size; lack of explainability 

in automated configuration 

decisions. 

Bega et 

al. [13] 

Cognitive 

Network 

Managemen

t 

Deep Neural 

Network 

Data 

analytics 

tool (SQL, 

Power BI) 

High computational cost and 

scalability concerns; dependency 

on large datasets for effective 

learning. 

 Research Gaps 

Although artificial intelligence has improved network management, several important 

research gaps still exist. Many current studies are tested only using simulated or publicly 

available datasets instead of real operational networks, which makes it difficult to apply these 

solutions in practical environments. Another major issue is the limited availability of high-

quality network data due to privacy and security restrictions, which affects the accuracy and 

reliability of AI models. In addition, some of the machine learning and deep learning 

techniques demand high computational resources, which are also energy-intensive, making 

real-time execution difficult. Moreover, most AI systems are black boxes, meaning that 

network administrators are unable to trust the decisions made by these systems. Integrating AI 

systems with legacy network infrastructure has also been complex, mainly due to compatibility 

and standardization issues. Additionally, AI systems are at risk of various cyberattacks, such 

as adversarial attacks and data poisoning attacks. Furthermore, no evaluation criterion has been 

established to compare different AI systems, and most AI systems are not scalable enough to 

be used in environments like cloud and 5G/6G networks. Hence, the concept of autonomous 
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management of the network is still evolving, indicating the need for simple, trustworthy, and 

scalable AI systems for future intelligent networks. 

 AI Models Used in Network Management 

AI enhances the intelligent decision-making capabilities of systems, allowing them to 

identify patterns, draw conclusions, and adapt continuously without requiring user 

involvement. The primary benefit of AI techniques in network management is to increase the 

level of automation, scalability, and efficiency provided by managing large quantities of data 

that can assist in performing activities such as predicting network usage patterns, identifying 

faults, allocating network resources, and monitoring security [15]. Within AI, one of the main 

subdivisions, Machine Learning (ML), is the most widely used method for managing a 

network. There are three primary types of ML: 1) Supervised Learning, which uses labelled 

data sets to complete classification or detection tasks; 2) Unsupervised Learning, which uses 

unlabelled data sets to discover new, hidden opportunities or patterns within data not previously 

identified; 3) Reinforcement Learning, which makes decisions based on previously learned 

information that will generate rewards. 

An advanced area of machine learning, deep learning (DL), presents data to a multi-

layered neural network and automatically advances through the extraction of complex features 

from the high dimensionality of the datasets available in the EMR. Architectures such as 

convolutional neural networks (CNNs) are well-suited for analyzing spatial patterns of traffic, 

recurrent neural networks (RNNs) and long short-term memory (LSTM) networks are well-

suited for predicting traffic based on time series data, and graph neural networks (GNNs) are 

increasingly being used to model the networks' topologies and relationships between the nodes 

[16]. These technologies can be used in combination to create intelligent, adaptive, and 

autonomous network management systems.  

The process of using machine learning and deep learning in network management 

involves a structured process with several stages (As shown in Table 2):  
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Table 2. Structured Workflow of Machine Learning–Based Network Management 

Stage Process Description 

1 Data 

Collection 

Network monitoring systems gather data from routers, switches, 

base stations, and tools such as NetFlow, SNMP, and packet 

capture utilities. The collected data includes packet counts, flow 

duration, link utilization, latency, and protocol types. 

2 Data 

Preprocessing 

Raw network data is cleaned and converted into a structured format 

suitable for machine learning algorithms through normalization and 

transformation into feature vectors. 

3 Feature 

Engineering 

Relevant network features such as average packet size, flow 

duration, burst rate, and connection frequency are extracted to 

improve model performance. 

4 Model 

Training 

Machine learning models (e.g., SVM, Random Forest, k-NN) and 

deep learning models (e.g., CNN, LSTM) are trained to classify 

and analyze network traffic patterns. 

5 Model 

Deployment 

The trained models are integrated into network monitoring systems 

to analyze traffic and generate predictions in real time. 

6 Decision and 

Automation 

AI predictions enable automated network management tasks such 

as dynamic routing, bandwidth allocation, intrusion detection, and 

predictive maintenance. 

7 Continuous 

Learning 

Feedback from network performance is used to retrain and update 

models, allowing the system to adapt to evolving network 

conditions. 

 Machine Learning Applications in Network Operations 

There are several advantages to using machine learning techniques in intelligent 

network management. For example, supervised learning algorithms such as support vector 

machines, decision trees, and random forests are used to classify network traffic and identify 

malicious activities in a network environment. These algorithms learn from labeled datasets 

that include normal and abnormal network behaviors and can effectively identify intrusion 

patterns and network anomalies [6]. Unsupervised learning algorithms such as clustering are 

used to identify unknown network anomalies and unseen network patterns. These algorithms 

group network flows based on statistical similarities and can identify abnormal behaviors that 

may indicate network faults, security issues, and performance degradation. In particular, 

reinforcement learning techniques have been used to solve various dynamic network 

optimization problems. For example, the use of Q-learning-based algorithms enables network 
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controllers to learn the best routing strategies by interacting with the network environment and 

receiving feedback in the form of reward signals. This enables adaptive bandwidth allocation, 

congestion handling, and intelligent resource management in large-scale networks [8], [11]. 

Overall, the use of machine learning techniques can greatly benefit network operation 

efficiency and reliability in terms of predictive analysis, fault detection, and resource 

optimization. In particular, as network infrastructures evolve to support new paradigms such 

as SDN, cloud-native networking, and 5G/6G communication systems, machine learning will 

play a critical role in assisting network operation in an autonomous and intelligent manner. 

The table 3 below illustrates the suitability of different machine learning techniques for 

various network management tasks.  

Table 3. Applicability of Machine Learning Techniques for Network Management 

Tasks 

Machine 

Learning 

Technique 

Traffic 

Classific

ation 

Traffic 

Predicti

on 

Anomaly 

Detection 

Intrusion 

Detection 

Fault 

Detect

ion 

Routing / 

Resource 

Optimization 

Support 

Vector 

Machine 

(SVM) 

✓ ✗ ✓ ✓ ✓ ✗ 

Decision 

Tree (DT) 

✓ ✗ ✓ ✓ ✓ ✗ 

Random 

Forest (RF) 

✓ ✓ ✓ ✓ ✓ ✗ 

k-Nearest 

Neighbor 

(kNN) 

✓ ✗ ✓ ✓ ✗ ✗ 

K-Means 

Clustering 

✗ ✗ ✓ ✓ ✓ ✗ 

Q-Learning 

(RL) 

✗ ✗ ✗ ✗ ✗ ✓ 

 Deep Learning Architectures for Intelligent Networks 

Deep Learning (DL) is now an integral part of AI-based network management due to 

its ability to automatically learn complex patterns from massive amounts of data in network 
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environments. Large-scale networks produce enormous amounts of data, including traffic flow, 

routing, user information, and network performance data from various sources such as routers, 

switches, and base stations Deep Learning techniques are used to analyze this data for 

intelligent network management functions such as traffic prediction, anomaly detection, fault 

diagnosis.  Deep Learning is more powerful than traditional machine learning in terms of 

handling complex data from complex networks such as cloud computing environments, data 

centers, and 5G networks [6], [16]. Various DL architectures are used for various problems 

depending on the data type, such as spatial traffic data, temporal traffic data, or topology data.  

The commonly used deep learning architectures in intelligent network management are 

summarized in Table 4. 

Table 4. Deep Learning Architectures for Intelligent Network Management 

Deep 

Learning 

Architectur

e 

Key 

Characteristi

cs 

Networking 

Application 

Advantage

s 

Limitations Reference

s 

Deep Neural 

Networks 

(DNN) 

Multi-layer 

neural 

networks 

capable of 

learning 

complex 

nonlinear 

relationships 

from high-

dimensional 

datasets. 

Network 

traffic 

classification

, QoS 

prediction, 

performance 

monitoring. 

High 

accuracy for 

complex 

classificatio

n tasks and 

ability to 

process 

large 

datasets. 

Requires large 

training 

datasets and 

high 

computational 

resources. 

[6], [13] 

Convolution

al Neural 

Networks 

(CNN) 

Uses 

convolution 

filters to 

capture spatial 

patterns in 

structured data 

such as packet 

flows or traffic 

matrices. 

Intrusion 

detection, 

traffic 

classification

, anomaly 

detection in 

network 

traffic. 

Effective 

for 

extracting 

spatial 

traffic 

features and 

detecting 

abnormal 

patterns. 

Requires 

preprocessing 

to convert 

traffic data into 

structured 

feature 

matrices. 

[1], [6], 

[13] 
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Recurrent 

Neural 

Networks 

(RNN) 

Designed to 

process 

sequential or 

time-series 

data by 

maintaining 

internal 

memory of 

previous 

inputs. 

Network 

traffic 

forecasting, 

workload 

prediction, 

and 

congestion 

detection. 

Suitable for 

modeling 

temporal 

dependenci

es in 

network 

traffic 

flows. 

Training 

instability and 

vanishing 

gradient 

problems in 

long 

sequences. 

[6], [16] 

Long Short-

Term 

Memory 

(LSTM) 

Improved 

RNN 

architecture 

with memory 

gates to 

capture long-

term temporal 

dependencies. 

Traffic load 

prediction, 

anomaly 

detection, 

predictive 

network 

maintenance

. 

High 

accuracy in 

time-series 

traffic 

forecasting 

and network 

performanc

e analysis. 

Computationall

y expensive 

and requires 

significant 

training time. 

[6], [15] 

Graph 

Neural 

Networks 

(GNN) 

Models 

relationships 

between 

network nodes 

using graph 

structures 

representing 

network 

topology. 

Routing 

optimization

, topology-

aware traffic 

prediction, 

and network 

failure 

analysis. 

Captures 

structural 

dependenci

es between 

network 

devices and 

links. 

Implementatio

n complexity 

in large-scale 

networks. 

[13], [16] 

Generative 

Adversarial 

Networks 

(GAN) 

Consists of a 

generator and 

discriminator 

network 

trained in an 

adversarial 

manner to 

produce 

realistic 

synthetic data. 

Synthetic 

network 

traffic 

generation, 

intrusion 

detection 

dataset 

augmentatio

n, anomaly 

simulation. 

Helps 

overcome 

limited or 

imbalanced 

datasets by 

generating 

realistic 

training 

data. 

Training 

instability and 

risk of 

generating 

low-quality 

samples. 

[6], [3] 

 Emerging Trends In SDN, NFV And SON 

The Software-Defined Networking (SDN) has impacted how new-age networks are 

deployed and managed. Unlike legacy networking models where control and data are highly 

coupled with networking devices, SDN separates control from data in the network architecture, 

allowing for centralized control through software-defined controllers. These attributes allow 

for greater network flexibility, programmability, and ease of operation. Additionally, recent 

advances in SDN are focused on integrating emerging technologies like artificial intelligence 
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and cloud computing to help automate networks more efficiently. Currently, organizations 

utilize SDN technology in their cloud data centers, enterprise networks, and 5G environments 

for dynamic traffic control, enhancing security monitoring and scalable network services. 

 Network Function Virtualization (NFV) refers to an approach to using virtualization 

technologies in place of physical, traditional network devices to deliver network-based 

functionality via software running on standardized computing platforms. With NFV, devices 

such as firewalls, load balancers and intrusion detection systems (IDS) are deployed as virtual 

machines or containers rather than on proprietary, specialized hardware products. Therefore, 

using NFV reduces the specialized hardware required for traditional network devices, thus 

lowering operational costs for network service providers (i.e. telecommunications companies) 

and giving them greater flexibility when delivering network services. As cloud computing and 

edge computing gain in popularity, the use of NFV for providing scalable and on-demand 

network services continues to grow rapidly. Additionally, the use of containerization and 

orchestration tools with NFV products has increased both the efficiency and speed of 

deployment of NFV solutions. 

SON (Self-Organizing Networks) is designed to automate the management of complex 

wireless and cellular networks by allowing the network to automatically configure, optimize, 

and repair itself. With SON technology installed, there is less requirement for manual 

intervention from network management and improved overall performance of the network. 

SON is an important component of modern communication systems, such as 4G and 5G, as it 

helps manage various aspects of the network including power control, load balancing, and 

interference mitigation. SON systems can also apply artificial intelligence and machine-

learning approaches to evaluate current network conditions in real-time and make intelligent 

changes to maintain the quality and reliability of service. 

 AI Applications in Network Operations (Routing, Traffic, Security, Fault 

Management) 

Today, artificial intelligence is a revolutionary enabling factor in many of the 

operational functions of networks. By leveraging intelligence, adaptability, automation, and 

more as part of their management functions (e.g. routing, traffic control, security enforcement, 

fault management), many organizations are using AI for routing and traffic management as a 
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means of identifying and responding to potential network congestion before it occurs and 

optimizing routing paths for maximum network performance [13]. Using AI-based models that 

combine real-time and historical data from their networks to predict potential congestion events 

or route optimization opportunities and dynamically allocate available bandwidth accordingly, 

organizations are increasing their overall capacity to efficiently operate their networks while 

delivering superior QoS. AI machine learning and deep learning models are effective for traffic 

classification and forecasting which enables organizations to be proactive in responding to 

changing traffic patterns as opposed to responding to traffic using traditional static policies 

[14]. AI is also helping organizations to build intelligent intrusion detection and malware 

mitigation systems through behavior analysis and anomaly detection, enhancing traditional 

security measures that would fail to detect these types of threats by using static signature-based 

approaches. AI-enhanced security capabilities allow organizations to gain insight, identify, and 

respond to previously unknown and evolving types of threats. 

 

Figure 1. AI-Driven Network Management Impact in Real-World Industries 

Figure 1 illustrates the impact level of AI-driven network management across real-

world industries, expressed as a percentage. It indicates that Google Data Centers have the 

maximum AI impact, which is approximately 90%. This is because AI is used extensively in 

data centers for traffic optimization, energy efficiency, and predictive fault management. 

Similarly, Cloud Service Providers have the second-highest AI impact, which is approximately 

88%. This indicates that AI has a critical role to play in managing cloud infrastructures. 

Furthermore, Cisco Systems have a high AI Impact, which is approximately 85%. This 

indicates that AI has widespread adoption in the industry for intelligent routing, network 
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automation, and security analytics. Similarly, Telecom Networks have a moderate AI Impact, 

which is approximately 80%. This indicates that AI has moderate adoption in the industry for 

traffic forecasting, optimization, and proactive fault detection. Moreover, Smart Cities and IoT 

have the lowest AI Impact, which is approximately 75%. This indicates that AI has the lowest 

adoption in the industry. Additionally, the graph indicates that AI has a significant and 

increasing impact on various industries. For instance, AI has the maximum adoption in data 

centers and cloud-based industries. Table 5 illustrates the adoption of AI/ML techniques in 

modern network management: industrial case studies. 

Table 5. Adoption of AI/ML Techniques in Modern Network Management: Industrial 

Case Studies 

Ref

s 

Industry 

/ 

Compan

y 

AI/ML 

Applicati

on 

Key 

Benefits & 

Use Case 

Issues AI-Based 

Solutions 

Performan

ce 

evaluation 

(Accuracy) 

[10] Google 

Data 

Centers 

Deep 

learning–

based 

traffic and 

resource 

optimizati

on 

Reduced 

latency, 

improved 

throughput, 

lower 

energy 

consumptio

n 

Traffic 

congesti

on, 

inefficie

nt 

resource 

utilizatio

n 

Deep 

reinforcement 

learning for 

adaptive traffic 

routing and load 

balancing 

RL - 0.95% 

[16] Telecom 

Operators 

(5G: SK 

Telecom, 

AT&T, 

Verizon) 

AI-driven 

5G 

network 

slicing and 

traffic 

prediction 

Dynamic 

bandwidth 

allocation, 

improved 

QoS/QoE, 

SLA 

compliance 

Highly 

dynamic 

traffic, 

spectrum 

scarcity 

ML/DL-based 

traffic forecasting 

and self-

organizing 

networks (SON) 

kNN - 

96.3% 

[11] Enterprise 

Networks 

(Cisco 

DNA 

Center) 

AI 

automatio

n & intent-

based 

networkin

g (IBN) 

Automated 

configuratio

n, 

monitoring, 

and policy 

enforcement 

Manual 

errors, 

slow 

fault 

diagnosis 

ML-based 

telemetry 

analysis, anomaly 

detection, closed-

loop automation 

LSTM - 

97.3% 
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[18] Telecom 

Vendors 

(Nokia) 

Cognitive 

network 

performan

ce 

optimizati

on 

Real-time 

anomaly 

prediction 

and 

performanc

e 

enhancemen

t 

Service 

degradati

on, 

delayed 

fault 

resolutio

n 

Cognitive AI 

engines for 

proactive 

optimization and 

healing 

CNN - 

94.5% 

[12] Enterprise 

Cybersec

urity 

AI-based 

intrusion 

and 

anomaly 

detection 

Real-time 

detection of 

cyber 

threats and 

zero-day 

attacks 

Evolving 

attack 

patterns, 

high 

false 

positives 

ML/DL-driven 

behavioral 

analysis and 

automated 

mitigation 

LSTM - 

95.8% 

[6] Telecom 

Infrastruc

ture 

(General) 

Predictive 

maintenan

ce and 

self-

optimizing 

networks 

Reduced 

downtime, 

proactive 

maintenanc

e 

Unexpec

ted 

hardware 

failures 

ML-based failure 

prediction and 

self-healing 

mechanisms 

CNN - 

92.8% 

Table 6. Comparison of Classification Accuracy and Network Performance Metrics 

in Existing research 

Refs. Evaluation 

Metrics 

Classifiers Metrics 

Jiang et al. 

[16] 

Classification 

Accuracy 

DT, SVM, kNN 95.4%, 95.8%, and 

96.3%, 

Ramesh et 

al. [7] 

Accuracy Remote, Global, Urban, and Local 

Network Administration Models 

91.82%, 95.25%, 

96.59%, 95.07% 

Hadi et al. 

[8]  

Network 

Performance 

Packet Delivery Ratio (PDR), 

Latency Reduction 

96.38%, 24ms 

Sattar et 

al. [9] 

Regression-

Based Model 

R2, RMSE, Esn, D, PC time (s) 0.46, 0.17, 0.51, 

0.85, 0.001 s 
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Arzo et al. 

[15] 

Classification 

Accuracy 

K-NN, Decision Tree, SVM, 

Naïve Bayes 

98.798%, 99.504%, 

94.746%, 88.262% 

Zhao et al. 

[17] 

Detection 

Accuracy 

SVM 99.90% 

 Discussion 

The analysis of the issues presented in this review article emphasizes the importance of 

artificial intelligence technology in modern network management. As communication 

networks expand and change over time, traditional rule-based network management techniques 

are not sufficient to deal with network issues such as traffic fluctuation, security risks, and 

resource management. Machine learning and deep learning techniques are being used to 

analyze network operation information and assist in network decision-making processes. The 

comparative analysis of the issues presented in Table 1 shows that different AI techniques are 

being applied to manage various network environments such as wireless sensor networks, 5G 

networks, data center networks, and cognitive network management. Supervised learning 

techniques such as support vector machines, decision trees, and random forests are being used 

to manage network operations such as traffic classification, intrusion detection, and fault 

diagnosis. Unsupervised learning techniques are being used to address network issues such as 

abnormal network behavior, and reinforcement learning techniques are being applied to 

manage network operations such as routing and resource management. The various deep 

learning architectures discussed in Table 4 improve network management by providing 

analysis for large-scale and high-dimensional data. These include convolutional neural 

networks and long short-term memory networks for anomaly detection and traffic prediction. 

Another is graph neural networks, which are applicable for relationship analysis between nodes 

in a network. Various industrial case studies on AI-based network management are discussed 

in Table 5. These include applications in cloud services, telecommunication networks, 

enterprise networks, and cybersecurity. These demonstrate improvements in terms of network 

efficiency, traffic optimization, and predictive fault detection. Various metrics for evaluating 

network performance are discussed in Table 6. These show high classification accuracy and 

improvements in various network performance metrics such as packet delivery ratio and 

latency. 
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The overall findings of this research suggest that artificial intelligence has the potential 

to significantly improve network management systems. However, more research needs to be 

done to address the challenges of scalability, availability, interpretability, and security to 

support the development of autonomous networks using AI.  

 Future Scope 

The future of AI-based network management will focus on more intelligent, 

transparent, and fully autonomous systems that can accommodate the increasing complexities 

of future network generations. Another research direction in this area will be the development 

of more transparent and trustworthy AI models that can improve the effectiveness of network 

management. In the future, network generations will include 6G and beyond. In this regard, 

AI-native network architectures will play a vital role in providing ultra-low latency 

communication, massive connectivity, and efficient spectrum and resource management. 

Another promising research direction in AI-based network management will be focused on the 

integration of AI with digital twin technology. In the future, privacy-preserving techniques 

such as federated and distributed learning will also play a more critical role in network 

management. Network generations will use collaborative learning techniques without 

compromising user privacy. In the future, network management will also require the 

development of lightweight and energy-efficient AI models to accommodate the complexities 

of IoT and edge network environments. Future network generations will also utilize zero-touch 

network management frameworks that can provide self-configuration, self-healing, and self-

optimization. Furthermore, strong and trustworthy AI models, as well as cross-layer 

optimization techniques and adherence to industry standards, are essential for the successful 

deployment of AI-driven network management solutions at scale.  

 Conclusion 

This review looked at how AI is changing how networks are managed; using traditional 

methods to create Intelligent, Adaptive, and Autonomous Networks. We examined various 

forms of machine learning (ML), deep learning (DL), and reinforcement learning (RL) to show 

that data-driven models are being used effectively within the core functions of a network (e.g., 

optimizing traffic, routing, enforcing security, managing faults). ML methods can be used to 

classify, predict, and detect anomalies, while DL allows for complex spatial, temporal, and 
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topological patterns to be extracted from very large-scale data sets. Finally, RL extends the 

ability to make autonomous decisions in dynamic, time-varying networked environments. The 

emphasis placed on Artificial Intelligence-enabled network management solutions will be 

increasingly important in new networking paradigms such as Software Defined Networking, 

Network Function Virtualization, the Internet of Things, and 5G and beyond due to the need 

for highly scalable, low-latency, and reliable implementations. In addition to providing support 

for scalable, low latency, and reliable implementations, there are several notable challenges 

that must be addressed before there can be widespread adoption of AI-based networking 

solutions; these include data availability, model interpretability, deployment constraints 

associated with real-time processing of network events, and security and privacy. If these 

challenges are not mitigated, practical implementation of Artificial Intelligence-enabled 

solutions cannot occur. Overall, the continued development of new networking solutions 

enabled by Artificial Intelligence is a very promising direction for the creation of self-

optimizing, self-healing, and zero-touch networks, and future research will play an important 

role in shaping future communication infrastructures. 
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