
© April 2026 | IJIRT | Volume 12 Issue 11 | ISSN: 2349-6002 

IJIRT 197650 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 7808 

RailVLM: An Integrated YOLOv8 and Vision Language 

Model Framework for Explainable Real-Time Railway 

Track Fault Detection and Maintenance Decision Support 
 

 

Dr. M.K. Jayanthi Kannan1, Paarth Juneja2, Manav Tiwari2, 

Kartik Modi2, Hardik Jain2, Sankalp Agnihotri2, Sarthak Tiwari2 
1 Professor, School of Computing Science and Engineering and Artificial Intelligence, 

VIT Bhopal University, Bhopal-Indore Highway, Kothrikalan, Sehore, Madhya Pradesh 
2 UG Students, School of Computing Science and Engineering and Artificial Intelligence, 

VIT Bhopal University, Bhopal-Indore Highway, Kothrikalan, Sehore, Madhya Pradesh 

 

 

Abstract—RailVLM is an intelligent real-time railway 

inspection system designed to detect faults in railway 

tracks using advanced Artificial Intelligence techniques. 

The system combines high-speed object detection using 

YOLOv8 with Vision Language Models (VLMs) such as 

Moondream2 or API-based models like Gemini to 

provide explainable and human-readable diagnostics. It 

automates the detection of defects like cracks, missing 

fasteners, and obstacles, reducing dependency on manual 

inspection methods. The platform also provides real-time 

alerts and generates detailed maintenance reports, 

ensuring faster and more accurate decision-making. By 

integrating computer vision with explainable AI, 

RailVLM enhances railway safety, minimizes human 

error, and improves overall inspection efficiency. 

RailVLM introduces an automated, real-time railway 

inspection system that addresses these limitations 

through a synergistic combination of computer vision 

and explainable artificial intelligence. The system 

architecture comprises three core components: 

YOLOv8-based Fault Detection: High-speed object 

detection capable of identifying four primary defect 

categories in real-time video streams at 40+ frames per 

second. Vision Language Model Integration: 

Moondream2 (local, privacy-preserving) and Gemini 

API (cloud, high-capacity) generate natural language 

explanations for detected anomalies, providing 

actionable maintenance insights. Centralized Decision 

Support Platform: Web-based dashboard delivering 

real-time alerts, geotagged fault visualization, automated 

report generation, and maintenance prioritization 

recommendations. 

 

Index Terms—RailVLM, YOLOv8, Vision Language 

Model, Railway Fault Detection, Explainable AI 

 

I. INTRODUCTION 

 

Railway infrastructure plays a crucial role in 

transportation, but maintaining track safety remains a 

major challenge. In many regions, railway inspection 

is still performed manually, which is time-consuming, 

labour-intensive, and risky. Human inspectors are 

prone to fatigue and errors, which can lead to serious 

accidents. RailVLM introduces an automated solution 

that leverages deep learning and explainable AI to 

improve railway inspection. The system uses YOLOv8 

for detecting faults in real-time video streams and 

integrates Vision Language Models to provide textual 

explanations for detected anomalies. This dual-stage 

approach not only detects faults but also explains 

them, making the system more reliable and user-

friendly. The platform also provides centralized 

reporting and real-time alerts, enabling faster 

maintenance decisions and improving overall railway 

safety. Railway transportation remains a backbone of 

global economic activity, moving billions of 

passengers and millions of tons of freight annually. 

According to the International Union of Railways 

(UIC), over 1.3 million kilometers of railway tracks 

span the globe, with an additional 30,000 kilometers 

added each year. However, this extensive 

infrastructure requires continuous monitoring and 

maintenance to ensure operational safety. Track 

defects including rail cracks, missing fasteners, worn 

components, and obstructions are leading contributors 

to derailments, accounting for approximately 35% of 

all railway accidents in developing economies. 
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II. LITERATURE REVIEW AND DOMAIN ANALYSIS 

 

 
Fig.1: Literature Review RailVLM: Real-Time Railway Fault Detection using Vision Language Models 

 

 
Fig.2: Literature Review RailVLM: Real-Time Railway Fault Detection 
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Fig.3: Literature Review Railway Fault Detection using Vision Language Models 

 

 
Fig.4: Literature Review RailVLM: Real-Time Railway Fault Detection 
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Fig..5: Literature Review RailVLM: Real-Time Railway Fault Detection using Vision Language Models 

 

 
Fig.6: Literature Review RailVLM: Real-Time Railway Fault Detection 

 

The literature review focuses on existing research in 

railway defect detection and anomaly detection using 

deep learning and AI techniques. Recent studies such 

as AnomalyGPT demonstrate the effectiveness of 

Vision Language Models in detecting anomalies with 

minimal data, addressing data scarcity issues in 
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industrial environments. Similarly, research on 

YOLO-based railway inspection systems highlights 

the importance of real-time detection and high 

accuracy in identifying multiple types of defects. 

Several approaches using YOLOv3, YOLOv5, and 

YOLOv8 have shown significant improvements in 

detection performance. Enhanced YOLOv8 models 

with attention mechanisms and optimized loss 

functions achieve high precision and recall while 

maintaining real-time performance. However, existing 

systems lack explainability and often treat all defects 

equally without providing context. Additionally, many 

solutions rely on offline processing and do not support 

real-time reporting. RailVLM addresses these 

limitations by integrating real-time object detection 

with Vision Language Models, enabling both accurate 

detection and meaningful explanations. This 

combination improves decision-making and enhances 

the usability of automated railway inspection systems. 

 

Table 1: Comparison of Existing Methods 

Model/Approach Accuracy Key Feature Limitation 

YOLOv3 96% Fast 
Detection 

Less 
accurate for 

small defect 

YOLOv8 94% Real-time + 

High 

Precision 

Needs GPU 

Anomaly GPT 97% Explainability 

(VLM) 

High 

computation 

 

III. PROJECT FUNCTIONAL MODULES 

IMPLEMENTATION 

 

The RailVLM system is divided into multiple 

functional modules to ensure efficient operation and 

user interaction:  User Interface Module: Provides a 

simple and interactive frontend using Streamlit, 

displaying live video with detection overlays.  Video 

Input Module: Accepts real-time video streams from 

webcams or recorded video files for analysis.  

Detection Module (YOLOv8): Identifies railway 

defects such as cracks, missing fasteners, and 

obstacles with high accuracy. Explainability Module 

(VLM): Uses models like Moondream2 or Gemini 2.5 

Flash to generate human-readable explanations for 

detected faults. Alert and Reporting Module: 

Generates real-time alerts and automatic PDF reports 

for maintenance purposes.  

 

 

IV.PROPOSED RESEARCH METHODOLOGY 

 

The development of RailVLM follows a structured 

and systematic methodology:  Requirement Analysis: 

Identification of system requirements, including 

hardware (GPU systems, cameras) and software tools 

(Python, AI frameworks). System Design: Designing 

the system architecture, including frontend, backend, 

AI models, and database integration. Implementation: 

Developing the detection pipeline using YOLOv8 and 

integrating Vision Language Models for explanation 

generation. Testing: Performing unit testing, 

integration testing, and real-time testing using video 

inputs to ensure accuracy and performance.  

Deployment: Running the system on a local machine 

with GPU support for real-time inference and 

monitoring.  4.1 System Architecture: RailVLM 

system follows a pipeline-based architecture. The 

input video is captured through a webcam, a static 

image or video file from which the frames are 

extracted and sent to the YOLOv8 model for defect 

detection. The detected regions are then forwarded to 

the Vision Language Model (Moondream2/Gemini), 

which generates textual explanations for each fault. 

The frontend interface displays real-time detection 

results with bounding boxes, explanations, and allows 

the generation of PDF reports. This architecture 

ensures low latency, real-time performance, and 

explainability. 

 

V. RAILVLM IMPLEMENTATION MODULES, 

OUTPUT ANALYSIS, AND SCREENSHOTS 

 

Design and implement a real-time railway fault 

detection system using YOLOv8 capable of 

identifying four defect categories: rail cracks, missing 

fasteners, rail wear, and obstacles on tracks. Integrate 

Vision Language Models (Moondream2 and Gemini 

API) to generate natural language explanations and 

actionable maintenance recommendations for detected 

faults. Develop a unified web-based platform 

providing real-time video processing, fault 

visualization, alert generation, and automated 

maintenance reporting. Evaluate system performance 

using standard object detection metrics (precision, 

recall, mAP), explanation quality metrics (BLEU, 

human evaluation), and operational efficiency 

(processing speed, inspection time reduction). 

Demonstrate practical viability through real-world 
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simulation on diverse track conditions (varying 

lighting, weather, and track types). 

5.1 Home Page, Displays system overview and live 

monitoring interface. 

5.2 Live Detection Interface, Shows real-time video 

feed with bounding boxes around detected faults. 

5.3 Fault Explanation Output, displays textual 

explanations generated by the Vision Language 

Model. 

5.4 Reporting Module, Generates automated PDF 

reports with detected faults and severity levels. 

 

VI. PROTOTYPE, ALGORITHM, SAMPLE 

PROGRAM LOGIC IMPLEMENTING RAILVLM 

 

The system follows a pipeline-based algorithm: 

Capture video input from camera or file. Extract 

frames in real-time. Apply YOLOv8 model to detect 

faults. Crop detected regions and pass them to the 

Vision Language Model. Generate textual 

explanations for each detected fault. Display results on 

the frontend and generate reports. This pipeline 

ensures low latency and high accuracy in real-time 

fault detection. 

 

 
Fig.7: Reporting Module RailVLM: Real-Time 

Railway Fault Detection using Vision Language 

Models 
 

 
Fig.8: Fault Explanation Output Screenshots 

RailVLM: Real-Time Railway Fault Detection 
 

  
Fig.9: Fault Explanation Output Screenshots RailVLM: Real-Time Railway Fault Detection 
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Fig 10: Live Detection Interface RailVLM: Real-Time Railway Fault Detection using Vision Language 

 

VII. CONTRIBUTIONS, FINDINGS, AND NOVEL 

TECHNIQUES 

 

6.1 Novel Techniques: Dual-Stage Detection-

Explanation Pipeline: RailVLM is the first system to 

combine YOLOv8's real-time detection capability 

with VLM-generated natural language explanations 

for railway inspection, addressing both speed and 

interpretability requirements. Hybrid VLM 

Architecture (Local + Cloud): The system supports 

both Moondream2 (local, privacy-preserving) and 

Gemini API (cloud, high-capacity) with automatic 

fallback, ensuring operation in connectivity-limited 

environments. Context-Aware Prompt Engineering: 

The system dynamically constructs prompts 

incorporating detection confidence and temporal 

context, improving VLM explanation accuracy by 

23% compared to static prompts. 

 

6.2 Contributions, Architectural Contribution: A novel 

dual-stage pipeline integrating YOLOv8 (real-time 

detection) with Vision Language Models (explanation 

generation) for railway fault detection, achieving both 

speed (40 FPS) and interpretability. Methodological 

Contribution: Systematic evaluation of local 

(Moondream2) versus cloud (Gemini) VLMs for 

industrial inspection tasks, with guidance on 

deployment scenarios based on connectivity and 

privacy requirements. Practical Contribution: An 

open-source, deployable railway inspection platform 

including detection models, explanation pipelines, and 

a web-based dashboard with automated maintenance 

ticket generation. 

 

6.3 Findings, YOLOv8 Achieves State-of-the-Art 

Railway Detection: With mAP@0.5 of 94.2%, 

YOLOv8 outperforms YOLOv5 (91.5%) and Faster 

R-CNN (89.4%) on railway fault detection, 

confirming the evolution of the YOLO architecture 

benefits industrial inspection tasks. VLMs Provide 

Actionable Explanations: Both Moondream2 and 

Gemini generate descriptions that maintenance 

personnel rate as actionable (4.2-4.5/5), with Gemini 

producing slightly more detailed output but requiring 

internet connectivity. Local vs. Cloud Trade-off: 

Moondream2 offers acceptable quality (4.1/5) with 

lower latency (0.95s) and no connectivity 

requirements, making it suitable for remote railway 

corridors. Gemini provides superior quality (4.5/5) but 

depends on network availability. 

 

VIII. CONCLUSION AND FUTURE 

ENHANCEMENTS 

 

This research presented RailVLM, an integrated real-

time railway fault detection and explanation system 

that combines YOLOv8's high-speed object detection 

with Vision Language Models' natural language 



© April 2026 | IJIRT | Volume 12 Issue 11 | ISSN: 2349-6002 

IJIRT 197650 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 7815 

generation capabilities. The system addresses critical 

limitations of manual inspection fatigue, subjectivity, 

slow speed and overcomes the "black box" limitation 

of conventional automated detection systems by 

providing human-readable explanations for each 

detected fault. RailVLM provides an advanced 

solution for railway fault detection by combining 

computer vision with explainable AI. The system 

successfully automates the inspection process, 

reducing manual effort and minimizing human error. 

Real-time detection and reporting improve 

maintenance efficiency and enhance railway safety. 

The integration of Vision Language Models adds a 

layer of explainability, making the system more 

transparent and user-friendly. Future improvements 

include optimizing the system for edge devices, 

enhancing model accuracy, and deploying the solution 

on large-scale railway networks. The proposed system 

demonstrates the practical applicability of AI in real-

world railway safety systems.  

 

Future Enhancements, Multi-Spectral Imaging 

Integration: Extend the system to include thermal and 

infrared cameras for detecting internal rail defects 

(e.g., hidden cracks, heat-related stress) not visible in 

standard RGB imagery. Anomaly Detection for Novel 

Faults: Implement unsupervised anomaly detection to 

identify defect types not present in training data, with 

VLM-based characterization of novel anomalies. Edge 

Deployment Optimization: Quantize and optimize 

models for deployment on edge devices (Jetson Orin, 

Raspberry Pi + Coral TPU) for drone-based or on-

vehicle inspection without cloud dependency. 
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