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Abstract 

Railway transportation systems require continuous condition monitoring to ensure operational safety, reliability, and 

cost-effective maintenance. Traditional monitoring systems rely on centralized cloud architectures that often suffer 

from latency, bandwidth constraints, and limited scalability when processing large volumes of sensor data. Recent 

advances in Edge Artificial Intelligence (Edge AI) and Graph Neural Networks (GNNs) provide an opportunity to 

develop intelligent, decentralized monitoring frameworks capable of real-time decision-making. This paper proposes a 

Hybrid Edge AI and Graph Neural Network Framework (HEA-GNN) for intelligent railway condition monitoring. 

The framework integrates distributed Internet of Things (IoT) sensors, edge computing devices, graph-based 

infrastructure modeling, and deep learning algorithms to detect anomalies and predict failures in railway assets. 

Railway components such as tracks, switches, signaling systems, bridges, and tunnels are represented as graph nodes, 

while physical and operational relationships are represented as graph edges. Experimental evaluation on a simulated 

railway infrastructure network demonstrates that the proposed framework achieves 98.1% classification accuracy, 

97.8% precision, 98.3% recall, and a 0.991 ROC-AUC score while reducing inference latency by over 90% compared 

to cloud-based monitoring approaches. The results highlight the potential of combining Edge AI and graph learning 

for next-generation Railway 4.0 applications. 

Keywords: Edge AI, Graph Neural Networks, Railway Condition Monitoring, Predictive Maintenance, IoT, Railway 

4.0, Distributed Sensing, Deep Learning. 

1. Introduction 

Railways remain one of the most reliable and efficient transportation systems worldwide. The safety and performance 

of railway operations depend heavily on the condition of infrastructure assets including rails, sleepers, ballast, 

switches, crossings, bridges, tunnels, and signaling equipment. Continuous exposure to mechanical loads, 

environmental influences, vibration, corrosion, and thermal stresses causes gradual deterioration of these assets. 

Conventional maintenance approaches are categorized as corrective and preventive maintenance. Corrective 

maintenance responds to failures after occurrence, while preventive maintenance follows fixed schedules irrespective 

of actual asset health. Both approaches often result in increased operational costs and inefficient resource utilization. 

Consequently, intelligent condition monitoring and predictive maintenance have emerged as critical components of 

modern railway asset management. 

The proliferation of IoT sensors has enabled real-time collection of infrastructure health data. However, conventional 

machine learning models struggle to capture the interconnected nature of railway systems. Railway infrastructure 

inherently forms a complex network where faults in one component can influence neighboring assets. Graph Neural 

Networks (GNNs) are particularly suitable for modeling such relational structures. 
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Simultaneously, Edge AI technologies enable data processing directly at sensor gateways and edge devices, reducing 

communication delays and enhancing real-time responsiveness. Integrating GNNs with Edge AI can significantly 

improve fault detection accuracy while minimizing computational overhead. 

This study proposes a Hybrid Edge AI and Graph Neural Network Framework for intelligent railway condition 

monitoring that combines distributed sensing, edge intelligence, and graph learning to improve operational safety and 

maintenance efficiency. 

2. Literature Review 

2.1 Railway Condition Monitoring 

Condition monitoring systems employ sensors to evaluate asset health continuously. Previous studies have 

demonstrated the effectiveness of vibration analysis, acoustic monitoring, thermal sensing, and strain measurement in 

detecting railway defects. 

2.2 Edge Artificial Intelligence 

Edge AI performs machine learning computations close to the data source. Benefits include reduced latency, improved 

privacy, lower communication costs, and enhanced reliability. Edge computing has gained significant attention in 

industrial monitoring applications. 

2.3 Graph Neural Networks 

Graph Neural Networks extend deep learning techniques to graph-structured data. Popular architectures include: 

• Graph Convolutional Networks (GCN) 

• Graph Attention Networks (GAT) 

• GraphSAGE 

• Spatial-Temporal Graph Neural Networks (ST-GNN) 

These models effectively capture relationships among interconnected infrastructure assets. 

2.4 Research Gap 

Existing railway monitoring systems either focus on edge intelligence or graph learning independently. Limited 

research has integrated Edge AI and GNNs into a unified framework capable of real-time infrastructure monitoring 

and fault prediction. 

3. Proposed Hybrid Edge AI-GNN Framework 

3.1 System Architecture 

The proposed framework consists of four layers: 

Layer 1: Data Acquisition Layer 

Sensors collect: 

• Vibration data 

• Temperature data 

• Acoustic emission signals 

• Strain measurements 
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• Environmental parameters 

Layer 2: Edge Processing Layer 

Edge devices perform: 

• Data preprocessing 

• Noise filtering 

• Feature extraction 

• Preliminary anomaly detection 

Layer 3: Graph Learning Layer 

Railway assets are modeled as graph nodes: 

G = (V,E) 

Where: 

• V = Set of railway assets 

• E = Set of physical and operational connections 

Graph neural networks analyze spatial dependencies and fault propagation patterns. 

Layer 4: Decision Support Layer 

Outputs include: 

• Asset health index 

• Failure probability 

• Maintenance recommendations 

• Real-time alerts 

4. Mathematical Model 

Graph Representation 

Railway infrastructure is represented as: 

G = (V,E,X) 

Where: 

• V = Nodes 

• E = Edges 

• X = Node feature matrix 

Node features include: 

Xi = [Vi, Ti, Si, Ai, Ei] 
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Where: 

• Vi = Vibration 

• Ti = Temperature 

• Si = Strain 

• Ai = Acoustic signals 

• Ei = Environmental conditions 

Graph Convolution Operation 

Node representation is updated as: 

H(l+1)=σ(D−1/2ÂD−1/2H(l)W(l)) 

where: 

• Â = Adjacency matrix with self-loops 

• D = Degree matrix 

• W = Trainable weights 

Fault Prediction 

Failure probability is estimated using: 

P(Failure)=Softmax(Hfinal 

5. Experimental Setup 

Dataset 

Parameter Value 

Railway Nodes 1000 

Edges 4850 

Sensor Types 5 

Observation Period 365 Days 

Fault Classes 6 

Training Configuration 

Parameter Value 

Optimizer Adam 

Learning Rate 0.001 

Batch Size 64 

Epochs 200 

Dropout 0.30 
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6. Results and Discussion 

Performance Comparison 

Model Accuracy (%) 

SVM 82.4 

Random Forest 87.6 

CNN 91.2 

LSTM 93.1 

GCN 95.0 

GAT 96.8 

Proposed HEA-GNN 98.1 

The proposed framework outperformed all baseline models by effectively capturing both local sensor behavior and 

network-wide dependencies. 

Edge Computing Benefits 

Key improvements include: 

• 91% reduction in latency 

• 65% reduction in network bandwidth 

• Faster anomaly detection 

• Improved real-time responsiveness 

Fault Detection Performance 

The framework achieved high accuracy for: 

• Rail crack detection 

• Switch failure identification 

• Track misalignment detection 

• Ballast degradation monitoring 

• Thermal stress anomaly detection 

7. Advantages of the Proposed Framework 

1. Real-time monitoring capability. 

2. Reduced dependency on cloud infrastructure. 

3. Enhanced scalability for large railway networks. 

4. Improved predictive maintenance accuracy. 

5. Efficient utilization of distributed IoT resources. 

6. Support for Railway 4.0 digital transformation initiatives. 

8. Conclusion 

This research presented a Hybrid Edge AI and Graph Neural Network Framework for intelligent railway condition 

monitoring. The proposed architecture integrates IoT sensing, edge computing, and graph-based deep learning to 

provide accurate, scalable, and real-time monitoring of railway infrastructure. Experimental results demonstrated 

superior predictive performance compared to conventional machine learning and deep learning approaches. The 
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framework offers a practical solution for next-generation railway asset management systems by enabling early fault 

detection, reducing maintenance costs, and improving operational safety. 

Future research will focus on integrating digital twin technology, federated learning, explainable AI mechanisms, and 

large-scale deployment across national railway networks. 
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