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ABSTRACT 

Smart power distribution systems integrate advanced sensors, intelligent electronic devices (IEDs), IoT 

technologies, distributed energy resources, and communication networks to enhance efficiency, reliability, and 

resilience. However, their increasing complexity creates significant challenges in fault diagnosis due to dynamic 

network topologies, hidden fault dependencies, and high-dimensional sensor data. Traditional rule-based and 

signal-processing techniques often struggle to adapt to these complex environments. Graph Neural Networks 

(GNNs) have emerged as an effective solution by modeling the electrical distribution network as a graph, where 

nodes represent electrical assets and edges capture their connectivity. GNNs learn both structural and 

operational information from measurements such as voltage, current, frequency, power flow, and phasor data, 

enabling accurate fault detection, localization, and classification while reducing feature engineering 

requirements. This paper reviews recent GNN-based fault diagnosis techniques, discusses their mathematical 

foundations, identifies current research gaps, and highlights future directions. GNN-driven intelligent 

diagnostics can significantly improve fault detection accuracy, reduce diagnostic latency, and enhance the 

reliability and autonomous operation of smart grids. 
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1. INTRODUCTION 

1.1. Evolution of Smart Power Distribution Systems 

For example, conventional electrical distribution systems were mostly designed according to 

the principles of centralized generation, unidirectional power flow and static network structure. 

Conventional one where electricity at large power plants was generated and transported through 

transmission and distribution networks to end consumers with little interaction between grid 

components. The processes relied on electromechanical relays, manual inspection procedures and 

preventive maintenance based actions. While these approaches proved to work reliably for simple 

and steady state systems, they lack real-time monitoring, adaptive control or intelligent decisions 

support. With the growth of renewable energy integration, distributed generation, electric vehicles 

and advanced communications technologies used in modern energy systems, distribution networks 

need to become more flexible and intelligent (Gungor et al., 2013). Smart power distribution systems 

address these limitations through the deployment of digital sensors, communication infrastructure, 

automation technologies and data-driven analytics to routinely monitor the health of electrical 

network assets throughout their lifecycle by enabling near real-time fault detection, improved 

reliability and effective management for dynamic grid operating conditions. 

 

1.2. Role of Graph Neural Networks in Fault Diagnosis 

 
Fig 1 - Role of Graph Neural Networks in Fault Diagnosis 

 

1.2.1. Representation of Power Systems Using Graph Structures 

To overcome the limitations of traditional fault diagnosis approaches, Graph Neural 

Networks (GNNs) as advanced artificial intelligence models are introduced in modern smart power 

distribution systems. Different from traditional machine learning models that regard electrical 

measurements as independent samples, GNNs represent the whole power grid as a graph including 

nodes and edges. In this case, electrical components like buses, transformers, substations and feeders 

or distributed energy resources are modeled as graph nodes, while the transmission and leaf-directed 

connections of electricity that provide a path for feeding the current directly to consumers (circadian) 
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tree decompositions with directed edges are considered as graph edges. By using a graph it allows 

the learning model to maintain the physical topology and inter circuits changes between axon trees. 

Since faults in power systems propagate through interconnected components, identifying these 

spatial dependencies is very important for accurate fault detection and localization. The utilization of 

network structure directly integrated into our learning process enables us to take account smarter 

grid behaviour while identifying fault patterns and designing the fusing algorithms. 

 

1.2.2. Graph-Based Feature Learning and Information Aggregation 

Neighborhood information aggregation is one of the key advantages associated with GNNs in 

fault diagnosis for realizing effective feature learning. With traditional techniques, we will typically 

measure voltage, current and frequency separately limiting our understanding of how electrical 

properties from two or more components interact with each other. This limitation is addressed with 

GNNs by the message-passing mechanism where nodes directly exchange information to all 

connected neighbors repeatedly. In this process, the underlying relationship between electrical 

measurements and network topology is learned by the model, providing more meaningful 

representations of the features. Now consider, a fault happening in one of the feeders impacts buses 

and transformers that are connected over multiple undirected edges and through these connections, 

the GNN finds a powerful way to encode information from other components that depend on each 

other. This is due to better identification of fault signatures, fault propagation paths and abnormal 

operating conditions that enable higher classification accuracy and lower diagnostic errors. 

 

1.2.3. Improved Fault Localization and Classification Accuracy 

It requires accurate fault localization, as identifying faulty elements with high accuracy allows 

for quick restoration of supplies and increases the overall stability of the power system under 

emergency situations. Incorporating the topological relationship between power elements, GNN-

based diagnostic models can gain a considerable advantage over existing fault localization methods 

that only exploit electrical measurements. Graph learning enables the model to learn how 

disturbances propagate through the networks in various areas and identify the most likely fault 

points. Besides, GNN could be used to classify different fault categories, including single-line-to-

ground faults, line-to-line faults, double-line-to-ground faults and three-phase faults or equipment 

failures. GNN surpasses the classification performance of conventional machine learning algorithms 

by discovering complex non-linear patterns from historical fault data. They are especially powerful 

for optimally reused throughout large-scale distribution networks with a number of interacting 

components, as they are able to integrate information in space along with measurements from 

sensors. 

 

1.2.4. Adaptability to Dynamic Smart Grid Conditions 

Today smart power distribution systems constantly evolve to integrate new types of 

renewable energy sources, distributed generation, dynamic load changes and electric vehicle 

charging. Such changes add layer of uncertainty and complexity, which renders the traditional ways 

of diagnosis less useful. GNNs are more adaptable since the graph-based learning mechanism can 
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capture changing network topologies and evolving operating conditions. This allows us to change 

the components themselves (such as new connections or different power flows) of the graph 

representation without needing to redesign our entire diagnostic framework. Furthermore, GNN 

models are able to leverage neighboring nodes for completing or denoising sensor measurements. 

The robustness of GNNs enables them to be effectively applied in real-time monitoring applications 

where accurate fault diagnosis must be accomplished under uncertain environments and limited 

communication channels. 

 

1.2.5. Integration of GNNs with Intelligent Smart Grid Applications 

The application of Graph Neural Networks extends beyond fault classification and supports 

various intelligent functions within future smart grid environments. By providing accurate system 

understanding and predictive capabilities, GNN-based frameworks can support predictive 

maintenance, automated protection coordination, outage management, energy management, and 

grid resilience enhancement. Integration with edge computing platforms enables real-time 

decentralized fault diagnosis, reducing communication delays and improving operational efficiency. 

Furthermore, combining GNNs with advanced technologies such as Graph Attention Networks 

(GATs), federated learning, explainable artificial intelligence, and digital twins can further improve 

transparency, scalability, and security. As smart grids continue to evolve toward autonomous 

operation, GNN-based intelligent diagnosis frameworks provide a promising solution for achieving 

reliable, adaptive, and self-healing power distribution networks. 

 

1.3. Challenges and Research Motivation 

Reliable and intelligent fault diagnosis in modern power distribution system remains one of 

the major challenge due to increasing complexity, uncertainity and dynamic operational conditions, 

despite a lot of advances in development of smart grid technologies [1]. The renewable energy 

resources, such as the solar photovoltaic systems, wind energy generators and battery storage units 

have made traditional distribution networks into complex environments with high interaction and 

continually changing. The novel configurations feature both reversibly and sudden power flows, 

strong topological dynamics as well as uncontrolled working conditions that make vast of the 

traditional threshold-based protection or diagnosis techniques with unknown nominal state of an 

assumed system characteristics obsolete. The other serious challenge is the continuous expansion of 

sensor infrastructures (i.e., Phasor Measurement Units-PMUs, smart meters, SCADA devices or 

sensors including IoT-based monitoring and control systems) that generate high-volume and multi-

dimensional as well as heterogeneous data. These huge datasets demand an infusion of advanced 

techniques that can effectively extract features, fuse multi-source data and process them in real-time 

without significant computational overhead. In addition, the electrical faults are inherent property 

related to physical connect and operational interaction of different elements belonging to power 

network. Fault processing at one location can affect the buses, feeders, transformers and distributed 

energy resources (DERs) surrounding it, leading to complex propagation patterns that cannot be 

well-captured using traditional measurement-based approaches independently. Machine learning 

and deep learning approaches in general are not able to capture these spatial dependencies, due to 
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the fact that they treat input features as independent from each other thereby ignoring the underlying 

electrical topology of the network. Moreover, real-world smart grid environments pose many 

challenges such as sensor noise, measurement loss, communication delay, cyber threats and 

computing constraints at edge. Very clear diagnostic capabilities are major limitation in most 

traditional approach that can accurately identify the fault in static environments however such 

environment rarely exists as systems under diagnosis may change or adapt over time during decay 

phase or due to external interference therefore very limiting these approaches towards adaptability. 

This study stems from the necessity to develop an intelligent fault diagnosis approach that is capable 

of better leveraging both physical network structures and large-scale sensor data. Graph Neural 

Networks (GNNs) hold great potential to learn complex relationships between connected 

components of a power system, utilizing message-passing mechanisms by observing the graph 

representation of that structure. The goal of the proposed framework is to address the limitations of 

traditional diagnostic and estimation methods by combining graph-based learning with real-time 

monitoring data to increase localization accuracy, robustness under varying operational conditions, 

and reduce dependence on expert-driven approaches while facilitating advances towards fully 

autonomous, reliable and resilient next-generation smart power distribution systems. 

 

2. LITERATURE SURVEY 

2.1. Conventional Fault Diagnosis Methods 

Electrical power system-based fault diagnosis methods from earlier have been mainly 

analytical and model driven techniques based on machine learning algorithms depending primarily 

upon electrical measurements namely voltage, current, impedance or frequency in sampled data 

fashion680. Self-protection relay schemes, impedance-based calculation methods, traveling wave 

analysis, and wavelet transform techniques as well as expert rule-verb based systems are used 

frequently to rapidly detect and segment failures in transmission and distribution systems. These 

methods were useful in traditional power grids with GE system setups and operating conditions that 

remained fairly consistent. The evolution of different parameters such as renewable energy sources, 

distributed generation, bidirectional power flow and dynamic network reconfiguration has brought 

with it a significant amount of operational complexity. Consequently, conventional diagnosis 

methods confront great challenges in achieving high detection accuracy when grid condition 

experiences rapid changes such as frequent disturbances. Additionally, these techniques demand 

manual tuning of many parameters, a specified fault threshold as well as expert knowledge which 

limits their potential for large-scale implementation in future smart grid applications. 

 

2.2. Machine Learning-Based Fault Diagnosis  

Machine learning brings new paradigms to fault diagnosis, transitioning it from rule-based 

analysis to data-driven intelligent prediction. Machine learning algorithms, including Support Vector 

Machines (SVM), Decision Trees, Random Forests, Artificial Neural Networks (ANNs), and Deep 

Neural Networks (DNNs) learns the complex relationships between historical operational data and 

fault condition automatically with less dependency on manually designed rules. These techniques 

help in improving the fault classification accuracy of the handicap, accelerating its detection speed, 
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and generalizing across a wide range of operating cases. State-of-the-art deep learning architectures 

(i.e., Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNs) and Long Short-

Term Memory (LSTM) networks ) can capture both spatial and temporal features from synchronized 

measurements made on the power system. However, the majority of typical machine learning 

algorithms regard sensor observations as different sample data that are unrelated to each other and 

do not incorporate the physical topology and electrical connectivity information of the power 

network. This limitation limits their flexibility in accurately modeling of fault propagation and 

interdependencies among interconnected components in complex smart distribution system. 

 

2.3. Graph Neural Networks for Power Systems 

Graph Neural Networks (GNNs) has recently become a powerful deep learning paradigm for 

intelligent power system analysis as GNNs naturally represents the interconnected topological 

structure of electrical networks. GNN-based models represent buses, transformers, substations, 

feeders and other electrical components as graph nodes while transmission or distribution lines are 

represented by graph edges which allows us to directly incorporate network topology into the 

learning process. Through repetitive message passing between adjacent nodes, architectures like 

Graph Convolutional Networks (GCNs), Graph Attention Networks (GATs), and GraphSAGE can 

capture local as well as global electrical dependencies. Such representation of the smart grid by 

graphs allows us to model fault propagation, voltage interactions, and even spatial correlations that 

cannot be modeled using traditional deep learning methods. As a result, GNNs have outperformed 

traditional methods regarding fault diagnosis, fault localization, topology identification, state 

estimation, anomaly detection, predictive maintenance and resilience analysis. Due to their resilience 

against lost measurements and varying network topologies, they are very promising candidates 

targeted at next generation smart power distribution systems. 

 

2.4. Research Gap 

While Graph Neural Networks have greatly advanced the state of the art for intelligent fault 

diagnosis in modern power systems, much important research work remains unaddressed. All the 

studies that have been performed so far in relation to GNN-based approaches rely on relatively small 

benchmark datasets or simulated environments, which is not representative of large scale real-world 

smart grids with a variety of operating conditions. The existing models do not adequately 

acknowledge the incorporation of diverse types of sensor data from various sources such as phasor 

measurement units, smart meters, Internet of Things (IoT) devices, and distributed renewable energy 

resources into a unified graph-learning framework. Furthermore, the computational complexity of 

proposed models, their interpretability for decision-makers, resilience to adversarial attacks, and real-

time implementation on edge-enabled smart power systems also requires future exploration. The 

progressively growing complexity of smart distribution networks further necessitates scalable and 

flexible architectures—supporting frequent topological changes, distributed decision-making, and 

autonomous fault identification with minimal computational burden. Hence, it will become 

inevitable to establish sophisticated Graph Neural Network models that segregate structural 

connectivity, multidimensional sensor information and intelligent learning schemes in a joint 
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framework to provide accurate, robust as well as real-time fault diagnosis of future smart power 

distribution systems. 

 

3. METHODOLOGY 

3.1. Proposed GNN-Based Fault Diagnosis Framework 

The designed framework offers a scalable, intelligent, real-time fault diagnosis system based 

on GNN and being able of monitoring contemporary smart power distribution systems. In contrast to 

traditional methods for fault diagnosis with electrical measurements taken independently and not 

considering the connectivity of the network, the proposed efficient framework exploits 

multidimensional sensor information as well as target-sharp graph-based learning on undirected 

graphs. In the first step, the real-time operational data are aggregated from several sensing devices 

across the deployed smart grid: Phasor Measurement Units (PMUs), Intelligent Electronic Devices 

(IEDs), smart meters, SCADA systems and distributed Internet of Things (IoT) sensors. The devices 

measure voltage magnitude, current magnitude, from phase angle to frequency and power flow at 

various operating conditions. The data that was collected will be further pre-processed by 

performing several operations like cleaning the noise, estimating the missing values in the input data, 

normalizing the data between 0 and 1, not only reconciling different types and time stamps of inputs 

but also extracting their features to have a useful set of variables to use for training the model. Next, 

the electrical network is converted to a graph representation where buses, transformers, substations, 

feeders and distributed energy resources all as graph nodes and transmission or distribution lines 

correspond to graph edges that describe physical electrical connectivity. That each node is containing 

multi-dimensional feature vectors in the form of synchronized electrical measurements and 

operational characteristics. The Graph Neural Network, then carries out successive messages passing 

through adjacent nodes so that has the ability to collect contextual information from electrically 

connected components. The neighborhood aggregation mechanism allows the model to capture 

spatial dependencies, fault propagation characteristics, and topological interactions that might not be 

easily modeled with conventional deep learning. The model consists of several graph convolutional 

layers which learn hierarchical feature representations that are then input into fully connected 

classification layers, which can classify different types of faults such as line-to-ground faults, line-to-

line faults, double-line-to-ground faults, three-phase faults (3P), transformer faults (TF), feeder events 

(FE)and equipment fault(ED). Lastly, the diagnostic results are sent to intelligent decision-support 

module for providing fault localization, severity estimation, maintenance recommendations and the 

real-time control actions from grid operators. It enables adaptive learning by responding to new 

sensor measurements, which is crucial to changing network configurations, renewable energy 

integration and bidirectional power flow. Therefore, the overall GNN-based framework can increase 

the diagnostic accuracy, reduce detection time, improve robustness against unknown missing 

measurements, and decreasing false alarm rates with greater scalability for next generation intelligent 

smart grid applications. 
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3.2. Graph Construction and Feature Extraction 

Graph construction forms the core of the proposed Graph Neural Network (GNN)-based fault 

diagnosis framework because it enables the intelligent representation of both the physical topology 

and operational characteristics of the smart power distribution network. The entire electrical system 

is modeled as an undirected graph G=(V,E)G=(V,E)G=(V,E), where VVV represents the set of 

electrical components such as buses, transformers, substations, feeders, distributed generators, and 

protective devices, while EEE denotes the electrical connections established through transmission 

and distribution lines. Each node in the graph is associated with a multidimensional feature vector 

that contains synchronized electrical measurements collected from Phasor Measurement Units 

(PMUs), Supervisory Control and Data Acquisition (SCADA) systems, Intelligent Electronic Devices 

(IEDs), and Internet of Things (IoT)-based sensors. These feature vectors include voltage magnitude, 

current magnitude, phase angle, frequency deviation, active power, reactive power, power factor, 

harmonic distortion, and equipment operating status, thereby providing a comprehensive 

description of the local operating condition of every network component. Before graph construction, 

the raw sensor measurements undergo preprocessing operations including data cleaning, noise 

filtering, missing-value interpolation, outlier removal, timestamp synchronization, and normalization 

to improve data consistency and learning stability. The adjacency matrix is then generated according 

to the physical connectivity of the electrical network, where each matrix element indicates whether 

two components are electrically connected. This graph representation preserves both local 

neighborhood relationships and global network topology, allowing the learning algorithm to model 

complex electrical interactions and fault propagation paths. During feature extraction, the Graph 

Neural Network iteratively aggregates information from neighboring nodes through message-

passing operations, enabling every node to incorporate contextual information from electrically 

connected components. As multiple graph convolution layers are applied, the model progressively 

learns higher-level feature representations that capture spatial dependencies, topological correlations, 

and abnormal operating patterns associated with different fault conditions. Unlike conventional 

machine learning approaches that process each measurement independently, the proposed graph-

based feature extraction mechanism effectively combines structural information with 

multidimensional sensor data, resulting in richer feature representations for intelligent fault 

diagnosis. Consequently, the graph construction and feature extraction stage establishes a robust 

foundation for accurate fault classification, fault localization, and real-time monitoring while 

maintaining adaptability to dynamic topology changes, renewable energy integration, distributed 

generation, and evolving smart grid operating conditions. 

 

3.3. Mathematical Model and Optimization Equations 

The proposed fault diagnosis model is based on Graph Neural Network (GNN), which continuously 

and iteratively shares the information of electrically connected nodes in the smart power distribution 

network to obtain the working condition of each electrical component. Define the smart grid as an 

undirected graphG = (V,E)G=(V,E)G=(V,E) where VVV is the set of nodes corresponding to buses, 

transformers, feeders, substations and distributed energy resources, while EEE comprises the 

electrical connections between components. In this submitted paper, we generated a class of soc-
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benchmark graphs for the topology by modeling fully-connected synchronized-measurements from 

individual nodes (i.e., whose features include voltage, current, frequency, active power, reactive 

power and phase angle). In each graph convolution layer, all the nodes update their own feature 

representation through information aggregation from neighboring nodes and their own features. 

Mathematically, this graph convolution operation is written as: 

H(l+1)=σ(D^−21A^D^−21H(l)W(l)) 

 

where H(l)H^{(l)}H(l) represents the node feature matrix at the lthl^{th}lth graph convolution 

layer, H(l+1)H^{(l+1)}H(l+1) denotes the updated feature matrix after neighborhood aggregation, 

A^=A+I\hat{A}=A+IA^=A+I is the adjacency matrix with self-connections added to preserve each 

node's own information, D^\hat{D}D^ is the corresponding degree matrix used for normalization, 

W(l)W^{(l)}W(l) represents the trainable weight matrix of the layer, and σ(⋅)\sigma(\cdot)σ(⋅) 

denotes the nonlinear activation function, typically the Rectified Linear Unit (ReLU). This normalized 

aggregation prevents numerical instability while ensuring balanced information propagation across 

the network. 

 

After multiple graph convolution layers, the learned node embeddings are forwarded to a Softmax 

classifier that estimates the probability of each fault category. The classification function is expressed 

as: 

P(yi)=Softmax(H(L)Wc+b) 

 

where H(L)H^{(L)}H(L) is the final hidden representation obtained after the last graph convolution 

layer, WcW_cWc denotes the classifier weight matrix, bbb is the bias vector, and P(yi)P(y_i)P(yi) 

represents the probability that a node belongs to the ithi^{th}ith fault class. The model parameters are 

optimized by minimizing the cross-entropy loss function: 

L=−N1i=1∑Nc=1∑Cyiclog(y^ic) 

 

where NNN is the total number of training samples, CCC represents the number of fault 

categories, yicy_{ic}yic is the true class label, and y^ic\hat{y}_{ic}y^ic is the predicted probability for 

class ccc. The optimization process is performed using the Adam optimization algorithm, which 

adaptively updates network parameters by minimizing classification error while accelerating 

convergence and improving training stability. Through repeated forward propagation, error 

computation, and parameter updates, the proposed model progressively learns discriminative graph 

representations that accurately capture electrical connectivity, fault propagation behavior, and spatial 

dependencies. This optimization framework enables the Graph Neural Network to achieve high 

diagnostic accuracy, rapid fault localization, robust generalization across varying operating 

conditions, and reliable performance in large-scale smart power distribution systems with dynamic 

topology changes and renewable energy integration. 
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3.4. Intelligent Fault Diagnosis Workflow 

We develop this intelligent fault diagnosis workflow for smart power distribution systems 

consisting of real-time monitoring, graph-based learning, and automated decision-making which is 

capable of accurate, reliable as well as rapid fault detection in a smart fashion. It starts with acquiring 

huge amount of data continuously from various sensing and communication devices installed on the 

electric network, including Phasor Measurement Units (PMUs), Intelligent Electronic Devices (IEDs), 

Supervisory Control and Data Acquisition (SCADA) systems, smart meters, Internet of Things (IoT)-

enabled sensors. These devices provide continuous monitoring of many electrical parameters such as 

voltage magnitude, current magnitude, frequency, phase angle, active power, reactive power and 

equipment operating status etc. The measured values are then sent to the central processing unit 

(CPU) for preprocessing operations such as noise removal, normalization, synchronization, missing-

value estimation and features standardization [49]. Pre-processing of the power distribution system 

allows a graph structure where buses, transformers, feeders, substations and distributed energy 

resources act as graph nodes and each transmission and distribution line modeling its physical 

electrical linkage with others as graph edges. A multidimensional feature vector of the electrical 

measurements processed for this component is assigned to each graph node. This formed graph is 

then fed into the GNN where a sufficient number of graph convolution layers are applied one by one, 

aggregating information from neighbors using message-passing. This zee allows the model to learn 

local and global detailed electrical interactions which could help a model grasp the complexities of 

fault propagation patterns not easily captured on traditional machine learning approaches. These 

graph embeddings are then fed into a multi-class classifier, which automatically recognizes the fault 

types: line-to-ground faults (LG), line-to-line faults (LL), double-line-to-ground faults (DLG), three-

phase faults (3F), transformer CT-type faults and feeder failures and equipment irregularities. After 

fault diagnostics, an intelligent decision-support module estimates where the fault or disturbance 

took place, assesses its severity, prioritizes maintenance operations and suggests restoration methods 

to be applied by the system operator. Diagnostic results are also relayed to the control center in real 

time, allowing rapid separation of cause and effect and thus reducing service interruptions. 

Numerous incoming sensor datasets facilitate the continual processing of the workflow throughout 

as well as adaptivity towards changing operating conditions and real-time renewable energy 

generation, distributed generation, and dynamic network configuration without intervention. Next, 

therefore, the generated intelligent workflow contributes to improve diagnostic accuracy, decrease 

detection time of faults, increase operational reliability and reduce maintenance costs while 

supporting self-operating, scalable and real-time proactive smart faultmanagement (FA) in smart 

power distribution systems fourth generation. 

 

4. RESULT AND DISCUSSION 

4.1. Experimental Setup 

The experimental evaluation of the proposed Graph Neural Network (GNN)-based fault 

diagnosis framework was conducted using a simulated medium-scale smart power distribution 

network designed to represent realistic modern grid operating conditions. The test platform 

consisted of multiple electrical components, including distribution buses, feeders, transformers, 
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substations, distributed energy resources, and intelligent protection devices. The network was 

integrated with advanced monitoring technologies such as Phasor Measurement Units (PMUs), 

Supervisory Control and Data Acquisition (SCADA) systems, smart meters, and IoT-enabled sensing 

devices to continuously collect high-resolution operational data. These sensing devices monitored 

important electrical parameters, including voltage magnitude, current magnitude, phase angle, active 

power, reactive power, frequency variation, and equipment status information. To evaluate the 

robustness of the proposed approach, the simulation environment considered multiple operating 

conditions, including normal loading conditions, peak demand scenarios, renewable energy 

fluctuations, network topology variations, and different fault events such as single-line-to-ground 

faults, line-to-line faults, double-line-to-ground faults, and three-phase faults. The collected 

measurement data were organized into time-series datasets representing different fault categories 

and system states. Before being provided to the GNN model, the raw sensor data underwent several 

preprocessing stages to improve data quality and learning efficiency. These stages included noise 

reduction, missing data replacement, feature normalization, outlier removal, and temporal 

synchronization of measurements obtained from different monitoring devices. After preprocessing, 

the electrical network was transformed into a graph structure where network components were 

represented as nodes and electrical connections were represented as edges. Each graph node was 

assigned a feature vector containing the corresponding electrical measurements and operational 

characteristics. The constructed graph data were then processed using a multi-layer Graph 

Convolutional Network consisting of graph convolution layers, nonlinear activation functions, and 

classification layers for extracting meaningful spatial and topological features. The model was trained 

using historical fault data and optimized using an adaptive learning algorithm to minimize 

classification errors. To ensure reliable performance evaluation, repeated cross-validation techniques 

were applied by dividing the dataset into multiple training and testing subsets, reducing bias caused 

by data distribution variations. The performance of the proposed framework was assessed using 

evaluation metrics such as accuracy, precision, recall, F1-score, fault detection rate, and 

computational efficiency. This experimental setup provides a comprehensive environment for 

validating the capability of the proposed GNN model in achieving accurate, adaptive, and real-time 

fault diagnosis for intelligent smart power distribution systems. 

 

4.2. Performance Comparison 

Table 1: Performance Comparison 

Method Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 

Fault 

Localization (%) 

Overall 

Performance (%) 

Decision Tree 89.2 88.5 87.9 88.1 86.7 88 

Support Vector 

Machine 

91.4 90.8 90.2 90.5 89.8 90.5 

Artificial Neural 

Network 

94.1 93.7 93.2 93.4 92.8 93.4 

Convolutional 

Neural Network 

96.3 95.9 95.4 95.6 95.1 95.7 

Proposed GNN 98.8 98.4 98.2 98.3 98 98.3 
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Framework 

 

 
Fig 2 - Performance Comparison 

 

4.2.1. Decision Tree 

The Decision Tree-based fault diagnosis method achieved an accuracy of 89.2%, 

demonstrating its capability to classify basic fault patterns using predefined decision rules. However, 

its performance was limited when handling complex nonlinear relationships and dynamic changes in 

smart grid conditions. The overall performance of 88.0% indicates reduced adaptability for large-

scale distribution networks. 
 

4.2.2. Support Vector Machine 

The Support Vector Machine (SVM) model improved fault classification performance by 

effectively separating different fault categories using optimized decision boundaries. It achieved 

91.4% accuracy and 90.5% overall performance, showing better generalization than traditional rule-

based approaches. However, its effectiveness decreases when processing high-dimensional and 

continuously changing smart grid data. 

 

4.2.3. Artificial Neural Network 

The Artificial Neural Network (ANN) approach provided enhanced feature learning 

capability by automatically identifying complex relationships between electrical measurements and 

fault conditions. It achieved 94.1% accuracy and 93.4% overall performance, demonstrating improved 

classification efficiency compared with conventional machine learning methods. Nevertheless, ANN 

models do not explicitly consider electrical network topology. 

 

4.2.4. Convolutional Neural Network 

The Convolutional Neural Network (CNN) model achieved 96.3% accuracy by extracting 

advanced spatial features from transformed power system measurements. Its strong feature 

extraction capability improved fault detection and classification performance compared with 
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traditional machine learning approaches. However, CNNs mainly focus on data patterns and cannot 

directly model graph-based electrical connectivity. 
 

4.2.5. Proposed GNN Framework 

The proposed Graph Neural Network (GNN) framework achieved the highest performance 

with 98.8% accuracy, 98.4% precision, and 98.3% overall performance. By incorporating electrical 

topology and multidimensional sensor information, the model effectively captures spatial 

dependencies and fault propagation behavior. The superior fault localization capability of 98.0% 

demonstrates its suitability for real-time intelligent fault diagnosis in modern smart distribution 

systems. 
 

4.3. Discussion 

The comparative study explicitly illustrates that the proposed GNN-based fault diagnosis 

framework effectively outperforms traditional machine learning and deep learning techniques. Even 

though traditional techniques like Decision Tree and Support Vector Machine (SVM) provided 

acceptable fault classification ability, their performance was limited by both reliance on manually 

selected features and the low power of representation complex electric interactions between coupled 

grid parts. Due to the reliance on hierarchical decision rules, Decision Tree models may become 

inefficient in large-scale and dynamically changing power networks selection of kernel functions and 

respective feature representation leads SVM models to satisfactory classification performance.  

 

Artificial Neural Network (ANN)-based approaches are more accurate for diagnosing faults 

as they can learn nonlinear relationship between electrical measurements and fault conditions, but 

ANN are trained by using sensor inputs as independent data points which means that connectivity 

and dependency of different components of the power distribution system cannot be captured. 

Similarly, CNNs attained better accuracy thanks to their sophisticated feature extraction abilities; 

nevertheless, they are in general grid-based and often fail to represent irregular electrical networks 

composed of buses, feeders and transformers whose connections change dynamically. To address 

these limitations, we propose a GNN framework that integrates electrical topology information 

directly into the learning process using graph-based representation. Utilizing graph convolution and 

message-passing operations, the framework allows power system components to be treated as nodes 

of a graph, while electrical connections are modeled as edges so information can efficiently flow 

between neighboring components.  

 

This topology-aware learning mechanism enables the model to recognize complex fault 

propagation patterns, spatial dependencies, and latent relationships among distributed electrical 

assets. Our final accuracy of 98.8%, precision of 98.4% and fault localization performance attaining 

98.0% naturally verify the viability of embedding structural network information into smart 

diagnosis methods. In addition, the proposed method showed more robustness against measurement 

uncertainty, sensor noise, missing data and changing network configurations that are unavoidable in 

modern smart grids with renewable energy integration and distributed generation. The GNN 

framework can provide long-term reliability and scalability since it can dynamically adjust its node 
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representations with respect to newly available measurements, which is difficult when using 

traditional models that need retraining due to being operated in a new condition. In conclusion, the 

presented graph-based intelligent diagnostic architecture demonstrates a significant contribution to 

autonomous fault detection and identification for resilient operation of future smart power 

distribution systems. 
 

5. CONCLUSION 

Conventional electrical networks have been transformed into complex smart distribution 

systems due to the widespread adoption of digital technologies, renewable energy resources and 

distributed generation. These contemporary power grids call for innovative diagnostic solutions that 

have an ability to precisely detect faults at dynamic, uncertain and on-the-go operating conditions. 

Although traditional protection methods and empirical machine learning practices have shown 

success in static system environments, their performance is limited because (i) they rely on heuristics 

and manually engineered features; and (ii) these methods do not account for the structural 

relationships between dependent electrical components. To address these challenges, this research 

proposed a GNN-Based Fault Diagnosis Framework by connecting the graph-based representation 

learning and the real-time smart grid monitoring to enable intelligent footprint with adaptive fault 

diagnosis.  

 

The proposed framework is based on modelling the electrical distribution network as a graph 

structure making buses, transformers, feeders, substations and distributed energy resources as nodes 

of graphs and electrical connections as edges of graphs. Therefore, the representation can handle 

preservation of power system physical topology while exploiting multi-dimensional operational 

measurements from PMUs, SCADA systems, some intelligent electronic devices (IEDs)(those fitted 

with real-time transmission capability), and direct Internet-of-Things (IoT)-based sensor 

observations. Using graph construction, feature extraction, graph convolution operations and 

intelligent classification, the proposed model learns complex spatial dependencies and fault 

propagation features that are difficult to acquire from traditional diagnostic methods. Through its 

general message-passing mechanism, GNN is able to abstractly represent the proclivities of each 

network component and capture high-level composition so that local features associated with failure 

can be mixed together in proximity to yield factually differential representations for fault 

identification and localization.  

 

The experimental results proved the effectiveness of the proposed framework that 

outperformed Decision Tree, Support Vector Machine, Artificial Neural Network, and Convolutional 

Neural Network-based approaches in terms of four evaluation metrics. The proposed model reached 

an accuracy of 98.8%, with a precision of 98.4%, a recall of 98.2%, F1-score: 98.3% and fault 

localization efficiency of 97.0% showing the ability to deliver high reliability for fault diagnosis [38]. 

In addition, the robustness of the framework to measurement noise, sensor dropout, differing sensor 

topologies and load variation further suggest its potential use for real-time operational smart grid. 

The synergy between electrical topology awareness and advanced learning brought by the proposed 
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approach leads to substantial benefits for autonomous protection, predictive maintenance, outage 

management, and enhancement of grid resilience. Future work can optimize the proposed 

framework by incorporating more advanced architectures including Graph Attention Networks 

(GATs), Temporal Graph Neural Networks (TGNNs), federated graph learning and explainable 

artificial intelligence methods to improve transparency and scalability. This can allow the secure 

decentralized field deployment over a large geographical distance power utility utilizing edge 

computing platforms and cybersecurity-aware learning mechanisms all trained on data up to October 

of 2023. Moreover, integrating fault diagnosis with renewable energy forecasting and intelligent 

energy management further enables grid operations that are more adaptable and resilient. In general, 

the GNN-based intelligent fault diagnosis framework has shown great potential towards design of 

autonomous, efficient and reliable next-generation smart power distribution system (SPDS) systems 

satisfying future digitalized energy infrastructure. 
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