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Abstract:  Railway track safety is a critical concern, with foreign object intrusions posing significant threats 

to operational efficiency and human life. Traditional surveillance systems often rely on manual monitoring, 

which is error-prone and delayed in response. This paper proposes a novel, AI-powered foreign object 

detection system using Convolutional Neural Networks (CNNs) and YOLOv5 for real-time surveillance. 

High-resolution video feeds from CCTV cameras are analyzed to identify threats such as animals, vehicles, 

debris, and humans on railway tracks. The model is trained on annotated datasets under various conditions to 

ensure high accuracy and robustness. Results show a detection accuracy of over 96%, with real-time alert 

generation for prompt action. The system also integrates object tracking and automated notifications to control 

centers. Deployment tests validate its effectiveness in enhancing railway safety. This research sets a 

foundation for scalable, intelligent monitoring in railway environments. 
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I. INTRODUCTION 

Railway transportation is one of the most widely used and cost-effective modes of transit across the globe. 

It plays a vital role in transporting people and goods across vast distances. However, despite advancements 

in infrastructure and technology, safety remains a critical issue, especially due to foreign objects obstructing 

railway tracks. Incidents involving foreign objects such as animals, rocks, debris, and even unauthorized 

vehicles can cause severe derailments, leading to loss of life, financial damages, and disruption of 

services.Traditional surveillance systems employed by railway authorities rely heavily on manual monitoring 

using CCTV cameras or motion sensors, which often results in delayed response and human errors. These 

systems are not only labor-intensive but also lack the intelligence to identify and classify objects effectively. 

Moreover, they struggle to operate under diverse environmental conditions, such as fog, rain, and low 

lighting.Recent developments in artificial intelligence and machine learning provide new opportunities to 

automate and enhance the reliability of railway track surveillance. Specifically, computer vision powered by 

Convolutional Neural Networks (CNNs) has shown immense potential in real-time object detection and 

classification tasks across various domains.This paper proposes a novel machine learning-based foreign 

object detection system for railway tracks. By leveraging deep learning techniques and real-time image 

processing, the system aims to detect and classify foreign objects accurately and alert authorities 

immediately. The implementation ensures faster detection, reduced manual labor, and improved operational 

safety for trains.With this system, railway operators can prevent accidents before they occur, minimize 
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downtime, and enhance public confidence in railway safety. This research contributes to the development of 

intelligent surveillance systems tailored specifically for the railway industry. 

 

PROBLEM STATEMENT 

Despite the presence of surveillance systems, foreign object intrusions continue to cause critical safety issues 

on railway tracks. Manual monitoring systems are inefficient and often result in delayed detection or false 

assessments, especially under poor visibility conditions. The lack of intelligent, automated, and real-time 

detection systems for foreign objects on railway tracks leaves a significant gap in railway safety mechanisms. 

Thus, there is an urgent need for a reliable and intelligent system capable of detecting, identifying, and 

alerting about such intrusions in real time. 

SCOPE OF THE PAPER 

This paper focuses on the design and implementation of a machine learning-based foreign object detection 

system tailored for railway tracks. The scope includes: 

 Developing a model using Convolutional Neural Networks for object detection. 

 Capturing and processing real-time video feed from surveillance cameras installed along tracks. 

 Training the system to classify different types of foreign objects. 

 Evaluating the performance of the system under various environmental conditions. 

 Suggesting improvements for integration with existing railway safety infrastructure. 

This research does not cover in-depth hardware deployment (e.g., camera placement) or integration with 

braking systems but provides a strong software foundation for such applications. 

OBJECTIVE 

The primary objective of this research is to design an intelligent system capable of: 

 Detecting foreign objects on railway tracks using real-time image and video processing. 

 Classifying detected objects based on potential threat levels. 

 Sending immediate alerts to railway control centers upon detection. 

 Enhancing the overall safety and efficiency of railway operations through automation. 

 

II. LITERATURE REVIEW  

The increasing demand for railway safety has prompted researchers and engineers to explore intelligent 

surveillance systems that can detect and prevent potential threats such as foreign object intrusion. 

Traditional railway monitoring methods have relied on human surveillance, motion sensors, and basic 

image processing systems, which often fall short in complex environments and lack real-time 

responsiveness. 

Redmon et al. (2018) introduced the YOLO (You Only Look Once) architecture, a fast and accurate object 

detection model. The later YOLOv5 variant, which offers real-time processing and lightweight deployment, 

is widely adopted for surveillance tasks. Zhang et al. (2020) applied deep learning techniques to railway 

imagery, achieving over 90% accuracy in detecting track obstructions. 

Liu et al. (2016) developed the Single Shot MultiBox Detector (SSD), another real-time detection model, 

though it proved less effective than YOLO in cluttered or complex railway environments. Girshick (2015) 

proposed Fast R-CNN and Ren et al. (2015) improved it with Faster R-CNN, offering better accuracy at the 

cost of speed—making them less suitable for live railway surveillance applications. 

Chaturvedi et al. (2021) implemented a railway monitoring system using computer vision, highlighting the 

advantages of CNNs in detecting both static and moving obstacles. However, their system lacked alert 

integration and real-time tracking, limiting practical utility. Arora and Kumar (2020) experimented with 

thermal cameras for nighttime object detection, achieving good results but at higher infrastructure costs. 
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Srivastava et al. (2014) emphasized the importance of dropout layers in deep networks to reduce overfitting, 

which has been effectively adopted in YOLOv5 training. Tan and Le (2019) introduced EfficientNet, but 

its application in real-time scenarios remains limited due to high computational demand. 

Deng et al. (2009) contributed the ImageNet dataset, which remains a cornerstone in model pretraining. 

Transfer learning from such datasets accelerates training and improves object recognition, as evidenced in 

railway applications by Reddy and Sharma (2019). 

Object tracking has also evolved with algorithms like DeepSORT, which assigns persistent IDs to moving 

objects. This was effectively used in railway environments by Kumar et al. (2021) for tracking human 

intrusions. 

In terms of practical deployment, Indian Railways' Innovation Wing (2021) reported pilot projects using AI 

and camera-based systems, but most were in prototype phases, lacking comprehensive automation. 

In summary, while various models and techniques have been proposed for object detection and tracking, 

YOLOv5 stands out for its balance of speed and accuracy. Literature reveals a growing consensus that 

integrating deep learning with railway monitoring infrastructure can significantly reduce accidents and 

improve safety. However, challenges like environmental variation, false positives, and integration with alert 

systems remain areas of active research. 

III. PROPOSED METHODOLOGY  

The proposed foreign object detection system is a real-time, intelligent surveillance solution powered by 

deep learning techniques. This section outlines each stage of the methodology in detail, focusing on the 

development and implementation of a Convolutional Neural Network (CNN)-based detection model trained 

to identify and classify various types of foreign objects on railway tracks. 

1. DATA COLLECTION 

The foundation of any machine learning model is high-quality data. In this system, data was collected from 

multiple sources, including public video surveillance footage, open-source datasets, and real-time footage 

captured from railway environments. The datasets were designed to reflect a variety of operational 

conditions such as daytime and nighttime lighting, rainfall, fog, and different seasons. These videos and 

images included typical foreign objects like stray animals (cows, dogs), fallen tree branches, boulders, 

broken rail parts, unauthorized human crossings, and even stalled vehicles. The diversity in the dataset was 

crucial to help the model generalize across different scenarios and environments. 

2. DATA ANNOTATION 

Once the dataset was assembled, it underwent manual annotation using the LabelImg tool. This process 

involved drawing bounding boxes around each visible foreign object in the images and assigning them a 

label from a predefined class list (e.g., 'animal', 'human', 'vehicle', 'debris', etc.). These annotated images 

serve as ground truth for supervised learning. High-quality annotations are essential for training a reliable 

model, so each image was reviewed and verified to ensure accuracy. This step ensured that the model would 

learn to detect and classify objects correctly in real-world deployments. 

3. PREPROCESSING 

Preprocessing was performed to prepare the raw images for efficient and effective model training. All 

images were resized to a uniform dimension compatible with the YOLOv5 architecture (e.g., 640x640 

pixels). The pixel values were normalized to accelerate convergence during training. To increase the 

dataset's robustness and prevent overfitting, various augmentation techniques were applied, including 

horizontal flipping, random rotation, brightness and contrast adjustments, and zooming. These 

transformations helped simulate different camera angles, lighting, and object orientations, ensuring the 

model could recognize foreign objects under diverse conditions. 
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4. MODEL SELECTION 

After evaluating multiple object detection models like SSD, Faster R-CNN, and RetinaNet, YOLOv5 was 

selected due to its real-time processing capabilities, high accuracy, and optimized architecture. YOLOv5 

divides the image into grids and predicts bounding boxes and class probabilities in a single pass, making it 

significantly faster than two-stage detectors. It also comes with built-in support for data augmentation and 

is relatively easy to train and deploy. The lightweight version (YOLOv5s) was used initially for quick 

experimentation, followed by YOLOv5m for higher accuracy. 

5. MODEL TRAINING 

The annotated dataset was split into training (80%), validation (10%), and testing (10%) sets. YOLOv5 was 

trained using transfer learning, with pre-trained weights from the COCO dataset. This approach allowed the 

model to benefit from previously learned features and reduced training time. The model was fine-tuned 

using railway-specific data with object classes relevant to track safety. Hyperparameters such as learning 

rate, batch size, and number of epochs were optimized using a validation-based performance evaluation. 

The loss functions monitored included objectness loss, classification loss, and bounding box regression 

loss. 

6. REAL-TIME DETECTION FRAMEWORK 

After successful training, the model was integrated into a real-time object detection framework. Live video 

feeds from CCTV cameras installed along railway tracks were processed frame by frame. Each frame was 

passed through the trained YOLOv5 model to identify and localize any foreign object. The detection results, 

including bounding box coordinates and class labels, were visualized and updated in real-time. For tracking 

moving objects across frames, DeepSORT (Simple Online and Realtime Tracking with a deep association 

metric) was used to assign unique IDs to each object, enabling consistent tracking and behavior analysis. 

7. ALERT SYSTEM INTEGRATION 

An intelligent alerting mechanism was developed to notify railway control centers upon detection of a 

potential threat. If an object was detected with a confidence level above 85%, an automated alert was 

generated. This alert included details such as the type of object, time stamp, GPS location of the camera, 

and a snapshot of the frame. The alert was transmitted through an API to a central monitoring dashboard or 

mobile application used by railway staff. This system ensured quick response times in case of emergencies 

and reduced dependency on continuous manual surveillance. 

8. DEPLOYMENT & TESTING 

To validate the system, a prototype was deployed in a controlled test environment simulating real-world 

conditions. CCTV cameras were installed along a test railway track section, and foreign objects were 

introduced intentionally to test detection accuracy and response time. Performance metrics such as 

precision, recall, F1-score, detection speed, and false positive rate were recorded. The system demonstrated 

excellent real-time performance, detecting objects accurately and triggering alerts within seconds. These 

results confirmed the feasibility of deploying the system in actual railway operations. 

 

IV. RESULTS AND ANALYSIS  

The proposed Railway Foreign Object Detection System was rigorously tested using a dataset comprising 

over 5,000 annotated images and 200 minutes of surveillance video footage. The primary objective was to 

evaluate the system’s accuracy, responsiveness, and adaptability to diverse environmental conditions. The 

model, based on YOLOv5, demonstrated a high overall detection accuracy of 96.2% in identifying foreign 

objects such as humans, animals, debris, and vehicles on railway tracks. Precision and recall values stood 

at 94.8% and 95.5% respectively, indicating that the system effectively minimized both false positives and 
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false negatives. The calculated F1 score was 95.1%, confirming a strong balance between precision and 

recall.In terms of processing speed, the system achieved an average frame processing time of approximately 

0.45 seconds, enabling near real-time performance when supported by GPU hardware. This responsiveness 

is crucial for timely alerts and interventions. Additionally, the system maintained consistent performance 

across various lighting and weather conditions, including low-light, fog, and rain scenarios, with only a 

minor accuracy drop of 3–4%. A confidence threshold of 85% was established to reduce false alarms, 

ensuring that alerts were only triggered for genuinely significant threats.Comparative analysis with 

traditional motion-detection and sensor-based systems revealed a 60% reduction in detection latency and a 

70% decrease in dependency on manual monitoring. Overall, the results validated the system’s effectiveness 

and reliability in real-world railway safety applications. 

 

V. FINDINGS AND SUGGESTIONS  

KEY FINDINGS: 

 CNN-based models, especially YOLOv5, are highly effective for real-time foreign object detection on 

railway tracks. 

 Integration with existing CCTV infrastructure is feasible and cost-efficient. 

 The system demonstrated excellent performance in various environmental conditions and lighting 

scenarios. 

 Real-time alerting and object tracking significantly reduce accident risk and improve emergency 

response time. 

 

SUGGESTIONS: 

1. Drone Integration: Extend surveillance using drones for inaccessible areas or during maintenance. 

2. Thermal Camera Support: Incorporate thermal imaging to detect objects during fog or nighttime 

more accurately. 

3. Multi-Object Prioritization: Enhance the system to prioritize object types (e.g., humans over animals) 

to support faster decision-making. 

4. Edge AI Deployment: Use edge devices like NVIDIA Jetson Nano for decentralized processing in 

remote locations. 

5. Integration with Braking Systems: Future models should trigger emergency brakes when critical 

threats are detected. 

6. Expanded Dataset: Include more regional data from different railway zones to improve generalization. 

 

 

VI. CONCLUSION  

Railway track obstruction by foreign objects is a serious threat to railway safety. Traditional systems rely 

heavily on human intervention and often fail to deliver timely alerts. The integration of artificial intelligence, 

particularly deep learning through CNNs, offers a robust solution for automating railway surveillance.This 

paper presented a novel approach using YOLOv5 for real-time detection and classification of foreign objects 

on railway tracks. The system uses live CCTV footage, processes it through a trained CNN model, and raises 

alerts for significant threats. Results from rigorous testing demonstrate the system's high accuracy, real-time 

performance, and adaptability to various environmental conditions.The methodology not only improves 

detection rates but also reduces the dependency on manual monitoring, making railway operations safer and 

more efficient. Additionally, the system can be integrated with other technologies such as thermal imaging, 

edge computing, and emergency response protocols to create a fully autonomous safety framework.In 

conclusion, the proposed system lays the groundwork for a smarter, safer, and more reliable railway 

ecosystem. With further research and real-world deployment, this approach can significantly reduce railway 

accidents due to track obstructions and elevate the safety standards of modern rail networks. 
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