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Abstract 
 

Strategic transportation modifications in rail infrastructure brought both environmental benefits and operational improvements through 

hybrid and electric rail systems. Tomorrow’s rail networks need reliable maintenance, so new ways must be found to keep it safe and 

affordable. Scientists are researching the deployment of artificial intelligence (AI) systems to do predictive maintenance for electric and 

hybrid electric rail networks. With predictive maintenance based on AI, operators are now using real-time monitoring along with data 

analytics and machine learning algorithms to detect equipment failures before they happen. By doing this, trains can run longer without 

requiring long periods of rest. AI tools are evaluating sensor data from engine units, batteries, and traction devices to detect future equip-

ment failures. Predictive maintenance is possible with this system. A study looks at AI methods that involve fault detection analytics and 

machine learning and shows their applications in the rail industry. AI-powered hybrid electric rail applications will demonstrate their real-

life implementations during the presentation and show operational improvements and safety enhancements, and cost savings. This paper 

reviews data integration challenges and looks at regulatory and system complexity requirements to provide research recommendations for 

future infrastructure development. The rail industry wants an operational evolution enabled by predictive maintenance systems driven by 

AI to build better rail systems with less environmental impact. 
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1. Introduction  

1.1. Background of hybrid and electric rail systems 

Hybrid and electric propulsion for rail systems differ fundamentally from diesel train methods to deliver environmental gains and opera-

tional improvements as per [1]. Batteries and hydrogen power with electric propulsion systems allow railways to break free from fossil 

fuels. Modern world sustainability efforts rely on electric rail systems to improve energy efficiency and reduce emissions during operation. 

Hybrid systems turned rail vehicles into integrated devices for managing electrified and non-electrified tracks that increase overall system 

accessibility [12].  

1.2. Role of AI in predictive maintenance 

The application of Artificial Intelligence (AI) represents a transformative power in predictive maintenance operations because it analyzes 

sensor and system data to detect potential equipment breakdowns [3]. Real-time train component data examined through artificial intelli-

gence reveals specific patterns that indicate wear and tear problems or other difficulties [8]. The construction of component failure predic-

tion models relies on machine learning algorithms. Through planned scheduling, maintenance teams can minimize the need for unnecessary 

downtime [2]. Artificial intelligence methods integrated into predictive maintenance programs help rail operators save maintenance costs 

while improving safety and reliability while allowing them to boost operating performance [14] [10]. 

1.3. Research objectives and scope 

AI-hearted predictive maintenance will be examined for hybrid and electric train networks through a detailed analysis of technical opera-

tions, advantages, and system obstacles. Research will analyze different Artificial Intelligence techniques, including machine learning 

algorithms and data analytics systems that track and maintain rail equipment. An added objective of the study is to document noteworthy 

instances where AI-optimized maintenance operations. This paper analyzes the hurdles holding back AI-based maintenance implementation 

through data integration requirements and systemic complexity alongside regulatory restrictions by suggesting remedies for future research 

that promote AI adoption in rail operations. 
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2. Literature Survey: 

 
Recent advancements in AI-driven predictive maintenance, particularly post-2023, have been incorporated into the revised manuscript: 

• A 2024 study introduced edge AI devices installed on rolling stock, enabling low-latency fault prediction directly on trains, reducing 

dependency on centralized servers. 

• A 2025 publication proposed a distributed IoT sensor framework for real-time fault detection in high-speed trains, improving de-

tection accuracy by combining vibration, acoustic, and temperature sensors. 

• An emerging trend discussed involves auto-ML pipelines being adapted to rail maintenance, enabling continuous model adaptation as 

operational data evolves. 

3. Overview of hybrid and electric rail systems 

3.1. Technological advancements in hybrid and electric rail systems 

The technology behind hybrid and electric rail systems has achieved significant developments in recent years through efficiency-improving 

and sustainability-enhancing operationally flexible technologies [5]. Electric motors, together with advanced battery technologies and hy-

drogen fuel cells diminished diesel fuel dependency to produce better sustainable railroad systems. Hybrid electric rail vehicles utilize 

systems that enable quick transitions between electric and alternative power sources to navigate electrified and non-electrified railway 

lines. Regenerative braking continues to reduce energy expenses and advance overall performance, which makes rail transportation pro-

gressively more environmentally friendly [14] [4]. 

3.2. Key components of hybrid and electric rail systems  

Various fundamental components of hybrid and electric rail systems enable successful operation through jointly performed functions. The 

transportation power for electric trains comes from two sources: Indexollow wires and sub-surface tracks that power electric motors. Energy 

storage technologies, including supercapacitors and batteries, allow hybrid systems to function despite interruptions in electrified track 

access [7]. The essential elements in rail transportation systems include advanced propulsion mechanisms and both energy management 

components and regenerative braking technologies. Today's electrical train control systems enable sophisticated power allocation together 

with battery charging functions and energy retrieval elements. These system components function together to produce their maximum 

combination of performance and dependability levels. 

3.3. Challenges in the maintenance of hybrid and electric rail systems 

The complexity of hybrid and electric rail systems creates various special challenges for maintenance operations. Hybrid and electric 

traction systems need specialized equipment alongside detailed expert knowledge to manage their complex propulsion systems and power 

electronics, and storage devices [15]. The complex integration of multiple energy sources and components results in challenging diagnostic 

procedures and fault detection tasks [6]. Operating electric rail systems requires ongoing component monitoring of batteries, traction mo-

tors, and power converters for operations and maintenance plans. Technological complications arise from sensor data processing and in-

frastructure compatibility requirements, which demand innovative maintenance approaches.  

4. Predictive maintenance in rail systems 

4.1. Traditional vs. predictive maintenance approaches 

Traditional rail maintenance operations mainly depend on preventive measures along with reactive approaches. The practice of reactive 

maintenance, where trains receive only post-break repairs, causes unexpected downtimes and sometimes leads to costly restoration work 

[9]. Logically planning a component service schedule at set periods is what preventive maintenance entails. Some risks become manageable 

with preventive maintenance, but the approach still leads to high costs and system outages. Predictive maintenance uses data analytics to 

forecast component problems that enable system maintenance to occur only when it is required. The strategic change brings operational 

advantages through its combination of cost reductions and train system reliability enhancements. 

4.2. Predictive maintenance concept, techniques, and tools 

Predictive maintenance combines data analytics systems with real-time monitoring tools to identify when system components will start to 

fail. Standard equipment for inspecting train components consists of vibration analysis, together with thermal imaging and ultrasonic testing 

[16]. Analysis tools monitor essential factors like engine brake sensors and wheels to detect measurable patterns that demonstrate system 

deterioration or wear. System repairs through predictive models allow operators to find both bearing wear damage and overheating incidents 

alongside mechanical disruptions. Data analytics, together with predictive maintenance, enable system operators to deliver highly accurate 

predictions, thus preventing unexpected breakdowns and improving operational routines. 

4.3. Role of AI and machine learning in predictive maintenance 

AI and machine learning technologies drive complete system development within predictive maintenance to automatically process data 

and produce decisions. AI algorithms process extensive sensor-generated dataset inputs to detect complex patterns that exceed the capabil-

ities of human observers with traditional analysis techniques. A reinforcement process exists when machine learning algorithms improve 

over time by adapting their predictive capabilities through learning from past failure reports while processing current data input [11]. 
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5. AI techniques for predictive maintenance   

Artificial intelligence (AI) systems designed for predictive maintenance in rail networks must comply with strict industry regulations that prioritize safety, 

transparency, and traceability. Prominent standards include: 

• EN 50126 – Defines the RAMS (Reliability, Availability, Maintainability, and Safety) requirements for railway applications. 

• EN 50128 – Governs the safety of software used in railway control and protection systems. 

• ISO 13374 – Specifies data processing, condition monitoring, and communication standards for diagnostics in industrial systems. 

These standards influence AI adoption in critical rail environments by placing constraints on opaque “black-box” models. AI systems must be auditable, 
explainable, and validated through formal testing procedures to meet these compliance requirements.  

5.1. Machine learning algorithms 

Machine learning (ML) algorithms have become instrumental in predictive maintenance within rail systems. Rather than presenting a 

general overview, this section now highlights domain-specific implementations. For example, Support Vector Machines (SVMs) have been 

applied to analyze vibration signals from wheel bearings, achieving a fault detection accuracy of 93.2% in a 2024 case study involving 

high-speed freight locomotives. The SVM model was trained on time-domain and frequency-domain features extracted from accelerometer 

data, enabling early-stage identification of pitting and spalling faults. 

Additionally, deep learning approaches, particularly hybrid models like CNN-LSTM, have shown superior performance in handling se-

quential sensor data. A CNN-LSTM model tested on traction motor diagnostic datasets demonstrated 96.8% classification accuracy, out-

performing traditional Random Forest and Decision Tree classifiers. The convolutional layers extracted spatial patterns in thermal and 

acoustic emission maps, while the LSTM layers modeled temporal dependencies in fault progression 

5.2. Data analytics and sensor integration 

The combination of data analytics methods alongside sensor fusion represents a fundamental requirement for the predictive maintenance 

of train systems. The onboard train-mounted sensors regularly collect vitals for wheel adapters, motors, and brakes by gauging key metrics 

such as temperature, vibration, and pressure output. The processed sensor data flows into robust analytical engines that detect regular 

system process irregularities and potential vulnerabilities. Data integration systems unite multiple sources of information to create opera-

tional systems that provide rapid system monitoring and prompt detection of issues. Metropolitan train operators use data analysis licenses 

to make informed choices between repair activities and resource options. 

5.3. Fault detection and failure prediction models  

Machine learning technologies allow fault detection models and failure prediction models to evaluate component health status, thereby 

forecasting upcoming system failures. By processing historical failure fact patterns and current sensor variable outputs, predictive models 

detect equipment degradation, which leads to system failures. The predicting component wear about component wear, electrical faults, 

and performance breakdowns relies on machine learning models that use regression analysis and neural networks as their modeling ap-

proaches.  

6. Implementation of AI-powered predictive maintenance 

 
Fig. 1: Predictive Maintenance pipeline 

 
Figure 1 presents the predictive maintenance pipeline, showing the full lifecycle from sensor data acquisition and preprocessing to AI model inference 

and actionable maintenance alerts. 
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6.1. System architecture and data collection 

Predictive maintenance through AI depends on data storage infrastructure and sensor devices that send data directly to an interconnected 

system. Sensors in railway components measure continuous data of temperature, pressure, and vibration through a real-time recording 

mechanism. The system sends data straight to storage and processing locations, including company servers and cloud management systems. 

6.2. Real-time monitoring and diagnostics 

Success in training operations using predictive maintenance systems requires real-time monitoring and effective diagnostic functions. 

Trained AI systems detect train component wear and tear and behavioral anomalies by analyzing uninterrupted sensor data for quick de-

tection. Integration of diagnostic tools with AI systems gives operators fast system health reports through interoperable AI solu.ions. 

6.3. Integration of AI systems with rail operations 

Today’s train systems need predictive maintenance solutions to be integrated into the existing operations management framework for 

infrastructure components. AI-based maintenance platforms receive operational data from existing streams and connect to scheduling tasks 

software and asset management applications. Through its operational network, AI delivers practical information to service staff and ma-

chine handlers. By integrating AI systems, workflow efficiency improves through cost-effective maintenance procedures, and job sched-

uling gets automatic real-time predictive capabilities. 

7. Future directions and challenges  

Integrating AI-based predictive maintenance tools with legacy rail infrastructure poses significant technical and operational challenges. Many existing 
systems, such as SCADA and condition monitoring units, were not designed to support AI workflows or high-volume sensor data streams. However, 

recent advancements in industrial middleware and data architecture have enabled more seamless integration. 

Platforms such as OPC UA (Open Platform Communications Unified Architecture) provide a communication bridge between heterogeneous systems 
by enabling standardized data exchange across legacy and modern platforms. Similarly, industrial IoT gateways serve as edge aggregators that prepro-

cess sensor data and transmit it to central analytics engines or cloud services. 

A notable example is the Deutsche Bahn initiative, where a modular data integration layer was deployed to harmonize sensor data from diverse subsys-
tems. This layer allowed real-time ingestion and transformation of telemetry into actionable insights using AI models, without disrupting core legacy 

operations. 

7.1. Emerging trends in AI and rail systems 

The rail system technology, along with AI breakthroughs, will change the railway transportation. Future rail operations will depend on 

increased autonomous train deployment as these systems integrate AI and machine learning to optimize railway performance and safety. 

AI-powered systems analyze real-time data through Internet of Things (IoT) devices to create intelligent operations that support better 

maintenance practices. 

8. Conclusion 

This study investigated how AI-powered predictive maintenance benefits hybrid and electric rail systems. This study investigates technical 

improvements in railway hybrid and electric propulsion systems and upgraded requirements for maintenance solutions. Basically, AI comes 

from advanced data processing methods combined with sensor implementations using machine learning analytics to drive significant im-

provements in rail system performance and distinct safety and reliability benefits. Organizations that use predictive maintenance systems 

driven by AI cut their maintenance costs and their resources run more effectively while extending the useful lifespan of essential infra-

structure. This article explores the implementation issues that emerge when using AI technology through studies about integration problems 

and poor quality data, and legal structures. The various maintenance difficulties are overwhelmed by the significant benefits that Artificial 

Intelligence brings to maintenance operations. The research presents functional information about AI usage in train maintenance with 

practical answers to real implementation obstacles. AI technological progress developing through machine learning frameworks will gen-

erate advanced maintenance systems that advance train network sustainability and operational performance. Moving forward requires train 

operators to support AI technology development with standard integration systems that preserve railroad infrastructure while following 

increasing regulatory needs.  

9. Future Directions 

As hybrid and electric rail systems become integral to sustainable transportation, the future of AI-powered predictive maintenance will be shaped by emerg-

ing technological, regulatory, and environmental trends. The following directions offer a roadmap for advancing the reliability, safety, and operational 
intelligence of these next-generation railway platforms: 

7.1 Standardized AI Model Frameworks for Electrified Rail Infrastructure 

The lack of a common framework across rail operators hinders interoperability. Future research must focus on creating modular, standardized AI model 
architectures that can adapt to various energy propulsion systems (e.g., battery-electric, hydrogen-electric). These models must accommodate different sensor 

configurations, propulsion technologies, and failure profiles without requiring complete retraining. 

7.2 Energy-Aware Predictive Maintenance Models 
AI models for predictive maintenance in electric and hybrid systems should evolve to include energy efficiency metrics. Predicting not just mechanical 

faults but also battery degradation, inverter faults, and thermal anomalies can extend asset life and optimize energy consumption. Integrating energy con-

sumption forecasting with predictive diagnostics offers dual benefits of maintenance optimization and sustainable operations. 

7.3 Integration of Edge AI and 5G in Rolling Stock 

With the proliferation of high-speed rail, onboard inference using edge AI devices will become vital to enable real-time diagnostics. Coupled with 5G 

connectivity, this will allow rapid model updates, distributed learning, and cloud-based model refinement without latency concerns. Research should explore 
optimal partitioning of AI tasks between train-edge, trackside infrastructure, and the cloud. 

7.4 Explainable and Certifiable AI Models for Rail Safety Compliance 
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As hybrid electric trains fall under rigorous safety regulations (EN 50126/50128), future models must not only be accurate but also explainable and auditable. 

Research into hybrid XAI (Explainable AI) models—combining interpretable rule-based systems with neural networks—can support both regulatory ac-

ceptance and human trust in maintenance decisions. 

7.5 Multi-Modal Data Fusion for Holistic System Monitoring 

Hybrid systems generate diverse data streams: from vibration sensors, thermal cameras, onboard BMS (Battery Management Systems), and regenerative 
braking modules. Future systems should employ multi-modal deep learning architectures capable of data fusion across physical and cyber domains, ensuring 

comprehensive fault anticipation. 

7.6 Federated Learning Across Distributed Railway Networks 
Rail operators often hesitate to share sensitive fault and performance data due to privacy or competitive reasons. Federated learning can enable collaborative 

AI model development across multiple operators without centralized data pooling. Research must investigate communication-efficient federated strategies 
tailored for rail IoT constraints. 

7.7 Quantum Machine Learning for High-Dimensional Maintenance Tasks 

With hybrid rail systems generating increasingly complex datasets, traditional AI may hit scalability limits. Quantum machine learning (QML) presents an 
opportunity to accelerate computation-intensive tasks like anomaly clustering or fault feature selection. Exploring hybrid quantum-classical AI frameworks 

could redefine performance benchmarks in predictive rail maintenance. 

7.8 Lifecycle-Cost-Aware AI Maintenance Planning 
Beyond technical diagnostics, future AI tools should embed economic cost modeling, helping railway operators optimize maintenance schedules not only 

for reliability but also for total cost of ownership (TCO) and carbon footprint reduction. This requires integrating AI with asset management platforms and 

decision-support systems. 
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