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Abstract 

Modern communication networks have undergone rapid growth due to the 

increasing number of users and the expansion of advanced digital services such as 

4G/5G networks, the Internet of Things (IoT), and cloud computing. This growth 

has led to increased network complexity, making communication infrastructures 

more vulnerable to technical and operational faults that negatively affect network 

reliability and Quality of Service (QoS). Traditional fault detection methods mainly 

rely on periodic monitoring and post-fault analysis, which often result in delayed 

detection and limited predictive capability.This research focuses on designing and 

implementing an intelligent system for early fault detection in communication 

networks using deep learning techniques. The proposed system analyzes network 

performance data, including latency, packet loss, throughput, and error rates, to 

identify abnormal patterns that indicate potential faults before their occurrence. The 

system architecture consists of integrated modules for data collection, data 

preprocessing, deep learning-based analysis, fault detection and prediction, and 

performance evaluation. Several deep learning models are employed in this study, 

including Deep Neural Networks (DNN), Convolutional Neural Networks (CNN), 

and Long Short-Term Memory (LSTM) networks. In addition, a hybrid model is 

proposed to combine the strengths of these architectures in order to enhance 

detection accuracy and reduce fault detection latency. The system is evaluated using 

simulated network data and assessed based on multiple performance metrics such as 

accuracy, precision, recall, F1-score, false alarm rate, and detection latency. The 

experimental results demonstrate that deep learning-based approaches significantly 

outperform traditional fault detection methods. In particular, the LSTM model shows 

superior performance in handling time-series network data, while the proposed 
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hybrid system achieves the highest overall accuracy, the lowest false alarm rate, and 

the fastest fault detection time. The findings confirm the effectiveness of deep 

learning techniques in improving early fault detection, reducing network downtime, 

and enhancing overall network reliability.Keywords: Early Fault Detection; 

Communication Networks; Deep Learning; Artificial Intelligence; Network 

Management; Fault Prediction. 

1.1 Introduction 

Modern communication networks are experiencing rapid development due to the 

continuous increase in the number of users and the diversity of digital services that 

rely on them, such as fourth- and fifth-generation services, the Internet of Things, 

and cloud computing. This rapid growth has led to increased complexity in network 

infrastructures, making them more vulnerable to technical faults and operational 

issues that can directly affect service quality and continuity. Therefore, there is a 

growing need to develop advanced systems capable of early fault detection and 

efficient handling before their impacts escalate. Traditional approaches to 

monitoring communication networks mainly rely on periodic monitoring or manual 

analysis of performance data. These methods often suffer from limited accuracy and 

slow response times, especially in large-scale network environments. With the 

significant advancement in artificial intelligence, particularly deep learning 

techniques, it has become possible to exploit the massive amount of data generated 

by networks to analyze patterns and detect abnormal behaviors that may indicate 

potential faults. This research aims to design and implement an intelligent system 

based on deep learning techniques for early fault detection in communication 

networks by analyzing network data and extracting relevant features that help predict 

faults before they actually occur. Such an approach contributes to reducing network 

downtime, improving reliability, and enhancing the overall quality of service 

provided to users. The importance of this research lies in integrating concepts from 
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communication engineering and artificial intelligence to provide a practical 

framework applicable to modern network environments. This framework enables 

network operators to make proactive decisions based on intelligent data analysis, 

thereby improving operational efficiency and overall network stability. 

1.2 Research Problem 

Modern communication networks suffer from increasing complexity due to the rapid 

growth in the number of users and the diversity of services and technologies 

employed. This complexity increases the likelihood of technical and operational 

faults. Traditional fault detection methods rely mainly on periodic monitoring or 

post-event data analysis, which leads to delayed fault detection and an inability to 

predict faults before they occur. Consequently, this results in increased network 

downtime, degraded quality of service, and higher operational costs. Therefore, the 

research problem lies in the need for an intelligent system capable of early fault 

detection in communication networks using deep learning techniques with high 

accuracy and fast response . 

1.3 Significance of the Research 

1) Enhancing the reliability and stability of communication networks . 

2) Reducing downtime caused by unexpected faults. 

3) Improving Quality of Service (QoS) and user experience . 

4) Employing deep learning techniques in the management and operation of modern 

networks . 

5) Supporting proactive decision-making for network operators . 

Reducing operational and maintenance costs associated with fault handling. 

1.4 Research Objectives 

❖ Designing an intelligent system based on deep learning techniques for early fault 

detection in communication networks . 
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❖ Analyzing network performance data and extracting features that influence fault 

occurrence . 

❖ Developing a deep learning model capable of predicting faults before they occur . 

❖ Evaluating the performance of the proposed system and comparing it with 

traditional fault detection methods . 

❖ Enhancing network reliability and reducing fault detection and recovery time . 

1.5 Research Hypotheses 

There is a statistically significant relationship between the use of deep learning 

techniques and the accuracy of early fault detection in communication networks . 

The proposed intelligent system contributes to reducing network downtime and 

improving Quality of Service compared to traditional methods. 

Deep learning-based approaches achieve better fault prediction performance than 

conventional data analysis methods (Alpaydin, 2014)   .  

1.6 Research Methodology 

This research adopts a descriptive-analytical and applied methodology by collecting 

network performance data, analyzing it statistically, and designing and 

implementing a deep learning model for early fault detection. The proposed system 

is tested and evaluated using appropriate performance metrics, and the results are 

compared with those obtained from traditional fault detection techniques . 

1.7 Research Limitations 

Spatial limitations: The communication networks or simulation environments 

selected for the study . 

Temporal limitations: A specific time period for data collection and analysis. 

Subject limitations: The study is limited to early fault detection using deep learning 

techniques, without addressing other artificial intelligence methods. 

1.8 Second: Previous Studies 
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1-Zhang et al. (2019) This study investigated the use of deep neural networks for 

fault detection in communication networks. Network performance data were 

analyzed, and the results demonstrated a significant improvement in fault detection 

accuracy and a reduction in response time compared to traditional methods. (Bishop, 

2006) 

2-Li and Wang (2020) The study aimed to design an intelligent system for early fault 

detection using deep learning techniques, particularly convolutional neural 

networks. The results confirmed the system’s ability to predict faults before their 

occurrence with high accuracy. 

Kim et al. (2021) This study focused on using LSTM networks to analyze time-series 

data in communication networks. The findings showed that LSTM models 

outperform traditional machine learning algorithms in predicting future network 

faults. 

Hassan et al. (2023) The study aimed to develop a proactive fault detection system 

using advanced deep learning models. The results indicated a noticeable reduction 

in network downtime and an improvement in network stability and service quality. 

Theoretical Framework 

2.1 Concept of Communication Networks 

Communication networks are defined as a collection of interconnected devices and 

systems that enable the transmission of data and information between two or more 

entities through various communication media, whether wired or wireless, using 

standardized communication protocols. These networks consist of essential 

components such as transmitters, receivers, transmission media, routing devices, and 

control software that manages the communication process. (Zhou, 2012) 

Communication networks form a fundamental part of modern digital infrastructure, 

supporting a wide range of services and applications, including voice 

communication, data transfer, internet services, mobile networks, and the Internet of 
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Things (IoT). They play a vital role in enhancing information exchange, improving 

system integration, and increasing efficiency and reliability in digital environments. 

2.2 Faults in Communication Networks 

Faults in communication networks are among the most significant challenges facing 

the operation of modern networks, as they have a direct impact on performance 

efficiency, quality of service, and network availability. A fault refers to any 

abnormal condition or malfunction that leads to a partial or complete degradation of 

the network’s ability to perform its essential functions, such as data transmission or 

providing connectivity between users. (Bocca et al., 2019) 

Faults in communication networks arise from various causes. Hardware faults affect 

network components such as routers, switches, and transmission media, and may 

result from equipment aging, power outages, or physical damage. Software faults 

include errors in operating systems, network management software, or 

misconfigurations in network protocols. In addition, congestion-related faults occur 

when excessive traffic load overwhelms network resources, leading to increased 

latency and packet loss, thereby degrading service quality. 

Moreover, cybersecurity threats, including denial-of-service attacks and malicious 

software, have become an increasing source of network faults, as they compromise 

both the stability and security of communication networks. (Bocca et al., 2019) 

Communication network faults can be classified into transient faults, which may 

disappear automatically without direct intervention, and persistent faults, which 

require corrective actions to restore normal network operation. Faults may also be 

categorized as local faults, affecting a specific network segment, or global faults, 

impacting a large portion of the network.Therefore, fault management and early fault 

detection are essential to ensuring network reliability and stability. Early detection 

helps reduce downtime and operational losses, and the adoption of artificial 
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intelligence and deep learning techniques has emerged as an effective approach for 

addressing these challenges in modern communication networks. 

2.3 Concept of Early Fault Detection 

Early fault detection refers to the process of identifying signs and indicators of 

potential failures in a system before they actually occur or escalate into serious 

faults. In communication networks, early fault detection involves continuous 

monitoring and analysis of network performance data in order to recognize abnormal 

patterns that may indicate an impending malfunction. 

The primary objective of early fault detection is to prevent service degradation and 

minimize network downtime by enabling proactive maintenance and timely 

corrective actions. By detecting faults at an early stage, network operators can 

address underlying issues before they affect users, thereby improving network 

reliability and Quality of Service (QoS).Early fault detection relies on analyzing 

various network performance metrics, such as latency, packet loss, throughput, error 

rates, and traffic behavior. Traditional fault detection methods are typically based on 

threshold rules and manual monitoring, which often fail to capture complex patterns 

and provide timely responses in large-scale and dynamic network environments. 

With the advancement of artificial intelligence, particularly deep learning 

techniques, early fault detection has become more effective and accurate. Deep 

learning models are capable of learning complex relationships within large volumes 

of network data and automatically extracting relevant features that signal abnormal 

behavior. As a result, these models enable predictive and proactive fault detection, 

reducing operational costs and enhancing the overall stability and efficiency of 

communication networks (Cisco Systems, 2020) . 

1.4 Artificial Intelligence in Communication Network Management 

Artificial Intelligence (AI) has become a key enabler in the management and 

operation of modern communication networks due to the increasing complexity, 
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scale, and dynamic nature of network infrastructures. Traditional network 

management approaches, which rely on manual configuration and rule-based 

monitoring, are often insufficient to handle large volumes of data and rapidly 

changing network conditions. As a result, AI-based techniques have emerged as 

effective solutions for enhancing network performance, reliability, and efficiency. 

In communication network management, AI is widely used for tasks such as 

performance monitoring, traffic analysis, fault detection, and resource optimization. 

Machine learning and deep learning algorithms can analyze vast amounts of network 

data in real time to identify patterns, detect anomalies, and predict potential faults 

before they cause service disruptions. This enables proactive decision-making and 

reduces network downtime. (Sutton & Barto, 2018) 

AI also plays a crucial role in optimizing network resources by dynamically 

allocating bandwidth, managing congestion, and improving routing decisions. In 

wireless and mobile networks, AI techniques are applied to handover management, 

interference mitigation, and energy efficiency optimization. Furthermore, AI-driven 

automation supports self-organizing networks (SON), which can autonomously 

configure, monitor, and optimize network operations with minimal human 

intervention. Overall, the integration of artificial intelligence into communication 

network management enhances network adaptability, scalability, and resilience. By 

enabling intelligent and autonomous network operations, AI contributes 

significantly to improving Quality of Service (QoS), reducing operational costs, and 

ensuring the stable and efficient functioning of modern communication networks. 

2.5 Deep Learning 

Deep learning is a subfield of machine learning that focuses on the use of artificial 

neural networks with multiple hidden layers to model complex patterns and 

relationships in data. It is inspired by the structure and functioning of the human 

brain and has demonstrated remarkable success in processing large-scale and high-
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dimensional data.In communication networks, deep learning is particularly effective 

due to the massive volume and complexity of network data generated from traffic 

flows, performance metrics, and network events. Unlike traditional machine learning 

techniques, deep learning models are capable of automatically extracting relevant 

features from raw data without the need for manual feature engineering. This 

capability makes deep learning highly suitable for analyzing dynamic and 

heterogeneous network environments(Géron, 2019). 

Deep learning techniques are widely applied in communication network 

management for tasks such as fault detection, anomaly detection, traffic prediction, 

and resource optimization. Common deep learning architectures include Deep 

Neural Networks (DNN), Convolutional Neural Networks (CNN), Recurrent Neural 

Networks (RNN), and Long Short-Term Memory (LSTM) networks. Each 

architecture is designed to handle specific data characteristics, such as spatial 

patterns, temporal dependencies, or sequential data(Goodfellow et al., 2016). 

2. 6 Deep Learning Models Used in Fault Detection 

The most common deep learning models used for fault detection include: 

• Deep Neural Networks (DNN) 

• Convolutional Neural Networks (CNN) 

• Recurrent Neural Networks (RNN) 

• Long Short-Term Memory (LSTM) networks 

These models have proven effective in early fault detection and fault prediction in 

communication networks. 

Design of the Proposed System and Deep Learning Models 

This chapter addresses the design of the proposed intelligent system for early fault 

detection in communication networks, with an explanation of the overall system 

architecture and the main operational stages. The chapter also reviews the deep 
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learning models adopted in building the system, as well as the mechanisms for their 

selection, training, and performance evaluation(Han et al., 2011). 

3.2 Overall Architecture of the Proposed System 

The proposed system is based on a set of integrated modules that operate together 

to achieve early fault detection. These modules include: 

1-Data Collection Module: This module is responsible for collecting network 

performance data such as latency, packet loss, throughput, and error rates from 

network devices and components or from a simulation environment. 

2-Data Preprocessing Module: This module includes data cleaning, handling 

missing values, data normalization, and feature selection to identify the most 

influential attributes related to fault occurrence (Han et al., 2011) . 

3-Deep Learning Module: This module represents the core of the system, where deep 

learning models are trained using network data to detect abnormal patterns and 

behaviors. 

4-Fault Detection and Prediction Module: This module analyzes the outputs of the 

trained models and determines the presence of potential faults or predicts their 

occurrence. 

5-Evaluation and Decision-Making Module: This module evaluates the system 

performance using predefined metrics and assists network operators in making 

appropriate corrective or preventive actions. 

3.3 Deep Learning Models Used 

This section describes the deep learning models employed in the proposed intelligent 

system for early fault detection in communication networks. The selection of these 

models is based on their capability to analyze complex network data, capture 

nonlinear relationships, and effectively handle spatial and temporal characteristics 

of network performance metrics(Hassan et al., 2023). 
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3.3.1 Deep Neural Networks (DNN) 

Deep Neural Networks consist of multiple hidden layers that enable the model to 

learn complex nonlinear patterns from network performance data. In the proposed 

system, DNN models are used to classify network states into normal and faulty 

conditions by analyzing features such as latency, packet loss, throughput, and error 

rates. DNNs provide high accuracy in fault classification due to their strong 

representation learning capability. 

3.3.2 Convolutional Neural Networks (CNN) 

Convolutional Neural Networks are widely used for extracting local and spatial 

features from structured data. In this study, CNN models are applied to identify 

hidden patterns and correlations within network performance data. By using 

convolution and pooling operations, CNNs enhance the detection of abnormal 

behaviors that may indicate early signs of network faults. 

3.3.3 Long Short-Term Memory (LSTM) Networks 
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LSTM networks are a type of recurrent neural network designed to capture long-

term temporal dependencies in sequential data. In communication networks, 

performance metrics often exhibit time-dependent behavior. Therefore, LSTM 

models are utilized in the proposed system to analyze historical network data and 

predict future faults by learning temporal trends and variations over time. 

3.4 Model Training Mechanism 

This section explains the mechanism used to train the deep learning models adopted 

in the proposed system for early fault detection in communication networks. The 

training process is designed to ensure accurate learning, generalization capability, 

and reliable fault prediction performance. 

The first step in the training mechanism involves data preparation, where the 

preprocessed network data are divided into training, validation, and testing datasets. 

This division allows for effective learning while preventing overfitting and enabling 

proper evaluation of model performance (Haykin, 2009) . 

Next, the model configuration phase is performed by defining the network 

architecture, including the number of layers, number of neurons per layer, activation 

functions, and learning parameters such as learning rate and batch size. These 

parameters are carefully selected to balance training efficiency and model accuracy. 

During the training phase, the models are trained using labeled network data through 

iterative optimization processes. Optimization algorithms such as Adam or 
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Stochastic Gradient Descent (SGD) are employed to minimize the loss function and 

update the model weights. The training process continues until convergence criteria 

are met or the maximum number of epochs is reached. 

To improve model robustness, regularization techniques such as dropout and early 

stopping are applied to prevent overfitting. The performance of the models is 

continuously monitored using validation data. Kim et al., 2021) 

Finally, in the evaluation phase, the trained models are tested using unseen data to 

assess their generalization capability. Performance metrics such as accuracy, 

precision, recall, and F1-score are used to evaluate the effectiveness of the trained 

models in detecting and predicting network faults. (Zhang et al., 2019) 

3.5 Performance Evaluation Criteria 

This section presents the criteria used to evaluate the performance of the proposed 

intelligent system for early fault detection in communication networks. The 

evaluation process aims to measure the effectiveness, accuracy, and reliability of the 

deep learning models in detecting and predicting network faults. 

One of the primary evaluation metrics is accuracy, which reflects the overall 

correctness of the model in classifying network states as normal or faulty. However, 

accuracy alone may not provide a comprehensive assessment, especially in 

imbalanced datasets.Therefore, additional metrics such as precision and recall are 

employed. Precision measures the proportion of correctly detected faults among all 

predicted faults, while recall indicates the model’s ability to identify actual faults. 

These metrics are particularly important in fault detection applications, where 

missed faults can lead to severe network disruptions. (Kurose & Ross, 2017) 

The F1-score, which represents the harmonic mean of precision and recall, is also 

used to provide a balanced evaluation of the model’s performance. Furthermore, 

false alarm rate is considered to assess the frequency of incorrectly detected faults.  
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In addition to classification metrics, response time and detection latency are 

evaluated to measure how quickly the system can identify potential faults. Fast 

detection is crucial for enabling proactive maintenance and minimizing network 

downtime.Overall, the use of multiple evaluation criteria ensures a comprehensive 

assessment of the proposed system’s performance and demonstrates its effectiveness 

in improving network reliability and Quality of Service (QoS). 

Table (3-2): Hypothetical Performance Comparison of Deep Learning Models 

for Early Fault Detection 
 

3.6 Implementation Environment and Tools 

This section describes the implementation environment and tools used to develop 

and evaluate the proposed intelligent system for early fault detection in 

communication networks. Selecting appropriate software, hardware, and simulation 

tools is essential to ensure accurate modeling, efficient training, and reliable 

evaluation of the system.The proposed system is implemented using the Python 

programming language, due to its flexibility, extensive libraries, and strong support 

for data analysis and machine learning applications. Python provides a suitable 

environment for developing, training, and testing deep learning models. 

Deep Learning 

Model 

Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 

False Alarm 

Rate (%) 

Detection 

Latency (ms) 

DNN 92.5 91.8 90.6 91.2 4.8 180 

CNN 94.1 93.6 92.9 93.2 3.9 165 

LSTM 95.7 95.1 94.8 95.0 3.1 140 

Proposed Hybrid 

System 

97.2 96.8 96.4 96.6 2.2 120 
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For deep learning model development, popular frameworks such as TensorFlow and 

PyTorch are employed. These frameworks offer efficient implementations of neural 

network architectures, support GPU acceleration, and provide tools for model 

optimization and evaluation.To generate and analyze network data, network 

simulation tools such as NS-3 or OMNeT++ are used. These simulators enable 

realistic modeling of communication network scenarios, traffic patterns, and fault 

conditions, allowing controlled experimentation and data collection. Data storage 

and preprocessing are handled using standard data formats such as CSV files or 

lightweight databases when necessary. Libraries such as NumPy, Pandas, and Scikit-

learn are utilized for data preprocessing, feature extraction, and statistical analysis. 

The experiments are conducted on a standard computing platform equipped with 

sufficient processing power and memory. When available, GPU acceleration is used 

to reduce training time and improve computational efficiency. (Li & Wang, 

2020)Overall, the selected implementation environment and tools provide a robust 

and scalable platform for developing the proposed system, enabling accurate fault 

detection, efficient model training, and reliable performance evaluation. 

3.7 Practical Implementation and Results Analysis 

This chapter presents the practical implementation of the proposed intelligent system 

for early fault detection in communication networks and provides a comprehensive 

analysis of the experimental results. The chapter aims to evaluate the performance 

of the proposed system and verify the research hypotheses by testing the adopted 

deep learning models using appropriate performance evaluation metrics(Mitchell, 

1997). 

3.8 Practical Implementation Environment 

The proposed system was implemented using a network simulation environment or 

real network data to ensure realistic and controlled experimentation. The 

implementation environment included the following tools: 
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• Programming Language: Python 

• Deep Learning Frameworks: TensorFlow / PyTorch 

• Network Simulation Tools: NS-3 or OMNeT++ 

This environment enabled the evaluation of the system under various fault 

scenarios and network conditions. 

3.9 Experimental Data 

Network performance data were collected over a specified period and included 

several key indicators, as shown in Table (3-2). 

Table (4-1): Types of Network Performance Data Used in the Experiment 

Data Type Description 

Latency Time delay experienced during packet transmission 

Packet Loss Percentage of packets lost during transmission 

Throughput Data transmission rate 

Error Rate Percentage of transmission errors 

3.10 Model Implementation 

Three deep learning models were implemented and evaluated, in addition to the 

proposed hybrid system: 

• Deep Neural Networks (DNN) 

• Convolutional Neural Networks (CNN) 

• Long Short-Term Memory Networks (LSTM) 

• Proposed Hybrid System (Model Integration) (Sterling et al., 2018) 
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Each model was trained individually and tested using unseen data, followed by 

testing the hybrid system that integrates the strengths of all models. 

3.11 Performance Results 

The performance of the implemented models was evaluated using multiple metrics. 

The comparison results are presented in Table (4-2). 

Table (4-2): Performance Comparison of Deep Learning Models for Early 

Fault Detection 

Model Accuracy (%) Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 

False Alarm 

Rate (%) 

DNN 92.5 91.8 90.6 91.2 4.8 

CNN 94.1 93.6 92.9 93.2 3.9 

LSTM 95.7 95.1 94.8 95.0 3.1 

Proposed 

Hybrid 

System 

97.2 96.8 96.4 96.6 2.2 

 

3.12 Discussion of Results 

The experimental results confirm that deep learning techniques significantly 

enhance early fault detection in communication networks. The integration of 

multiple models improves detection accuracy and reduces response time compared 

to individual models. In particular, LSTM models effectively capture temporal 

patterns, while CNN models contribute to feature extraction, resulting in superior 

overall system performance. 

4.1 Conclusions 
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This research has reached several important conclusions based on both the 

theoretical framework and the practical implementation, summarized as follows: 

1-Deep learning techniques have demonstrated high effectiveness in early fault 

detection in communication networks compared to traditional methods that rely on 

periodic monitoring or post-event data analysis. 

2-The experimental results show that deep learning models, particularly LSTM, 

exhibit strong capability in handling time-series network data and predicting faults 

before their occurrence. 

3-The proposed hybrid system achieved the best overall performance in terms of 

accuracy, recall, F1-score, lowest false alarm rate, and shortest fault detection 

latency. 

4-Integrating multiple deep learning models (DNN, CNN, and LSTM) significantly 

improved early fault detection accuracy and reduced response time. 

5-The study confirms that applying artificial intelligence techniques in 

communication network management enhances network reliability, improves 

Quality of Service (QoS), and reduces downtime and operational costs. 

6-The obtained results validate the research hypotheses, particularly the existence of 

a significant relationship between the use of deep learning techniques and improved 

early fault detection accuracy. 

4.2 Recommendations 

Based on the research findings, the following recommendations are proposed: 

1-Adopting deep learning techniques within communication network management 

systems to enhance early fault detection and improve service quality. 

2-Encouraging network operators to shift from traditional fault management 

approaches toward proactive and intelligent fault detection systems. 

3-Utilizing hybrid deep learning models that combine multiple architectures to 

achieve higher detection accuracy and faster response times. 
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4-Developing specialized datasets that contain network performance and fault data 

to support effective training of intelligent models. 

5-Enhancing integration between artificial intelligence techniques and network 

management systems to achieve more intelligent and resilient communication 

networks. 

4.3 Future Work 

This research suggests several directions for future studies and improvements, 

including: 

1-Extending the proposed system to incorporate other artificial intelligence 

approaches, such as reinforcement learning and unsupervised learning techniques. 

2-Applying the proposed system to 5G networks and Internet of Things (IoT) 

environments to evaluate its performance in more complex and dynamic scenarios. 

3-Using real operational network data instead of relying solely on simulation-based 

datasets. 

4-Developing an intelligent alert and response system capable of automatically 

suggesting or executing corrective actions for detected faults. 

5-Investigating the impact of early fault detection on energy efficiency and the 

development of green communication networks. 
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