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Abstract— Due to frequent accidents brought on by 

unanticipated barriers including people, animals, cars, 

and natural debris on railway tracks, railway safety is 

still a major concern. The majority of traditional railway 

monitoring systems rely on manual inspection and 

simple sensor-based detection methods, which are 

frequently unreliable in remote areas and real-time 

operation. In order to improve railway safety, this study 

suggests a Smart Track Vision-Based Obstacle Detection 

System that combines computer vision, deep learning, 

and Internet of Things (IoT)-based communication 

technologies. 

The suggested solution uses a web camera to record 

visual information about the railway track environment 

in real time. The collected frames are processed using a 

deep learning-based object detection model that was 

trained with Google Colab and run on a laptop to 

precisely identify and categorize various obstacle kinds. 

Vision-based detection is combined with temperature, 

humidity, and ultrasonic sensors to increase robustness 

in a variety of environmental situations. To find possible 

risks, the processing unit combines sensor data with deep 

learning outputs. When a critical barrier is identified, a 

GPS module is used to collect specific geographical 

coordinates, and a GSM module is used to send alert 

signals to the closest train driver, control center, and 

railway station. LED and buzzer-based local alerts 

further guarantee instant on-site awareness. The 

suggested system offers a scalable and affordable 

solution for intelligent railway surveillance and accident 

prevention, with room for future improvement using 

larger datasets and edge computing platforms. It greatly 

improves response time and operational safety by 

offering early warning, precise location tracking, and 

real-time communication. 

 

Index Terms—Railway Safety, Obstacle Detection, Deep 

Learning, Computer Vision, IoT, GPS, GSM, Smart 

Transportation 

 

 

I. INTRODUCTION 

 

Large-scale passenger mobility and freight operations 

are supported by railway transportation, which is one 

of the most popular and economically significant 

forms of transportation in the world. Accidents 

brought on by unforeseen impediments on railroad 

lines continue to present significant safety threats 

despite improvements in railroad infrastructure and 

signaling systems. Human trespassing, animal 

encroachment, stalled cars at unattended crossings, 

fallen trees, and natural debris are common barriers, 

especially in rural and forested areas. These events 

frequently lead to fatalities, property damage, 

interrupted services, and financial loss [1]. 

 
Figure 1 Pontential dangers and diverse causes of 

train accidents 
 

Conventional railroad safety systems mostly rely on 

sensor-based monitoring systems and physical track 

inspection. Although sensor-based techniques, such 

infrared or ultrasonic detection, can detect things in the 

vicinity, they are extremely sensitive to ambient 



© January 2026 | IJIRT | Volume 12 Issue 8 | ISSN: 2349-6002 

IJIRT 191711 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 8786 

variables and cannot reliably characterize obstacles 

[2]. Additionally, manual inspection is time-

consuming, labor-intensive, and unfeasible for 

ongoing monitoring across lengthy railroad routes [3]. 

These drawbacks emphasize the necessity for an 

automated, intelligent system that can reliably 

generate alerts and detect obstacles in real time. 

Recent developments in computer vision and deep 

learning have made it possible to detect and classify 

objects in real-world settings with extreme accuracy. 

Convolutional neural networks (CNNs) in vision-

based systems are capable of efficiently identifying 

various object classes in a variety of lighting and 

weather scenarios [4]. These systems can facilitate 

quick decision-making and offer location-aware 

warnings when paired with IoT-based communication 

technologies like GPS and GSM [5]. 

Inspired by these advancements, this study presents a 

smart railway track monitoring system that combines 

real-time communication, environmental sensing, and 

vision-based deep learning. By offering early obstacle 

detection, precise location data, and prompt alerts to 

railway authorities and train operators, the system 

seeks to improve railway safety. 

 

II. LITERATURE REVIEW 

 

Numerous sensing, communication, and intelligent 

processing techniques have been used in considerable 

research on railway safety and obstacle identification. 

Sensor-based methods for identifying track 

imperfections and physical obstacles were the main 

focus of early research efforts. Vibration, infrared, and 

ultrasonic sensors were frequently used to detect 

obstructions or track flaws and send alerts to adjacent 

control units [1-3]. These systems showed minimal 

implementation costs and simplicity, but their narrow 

detection range, vulnerability to background noise, 

and inaccurate obstacle type classification hampered 

their efficacy. 

In order to enhance obstacle recognition capabilities, 

later research added image processing techniques. To 

identify incursions on railroad tracks, vision-based 

systems utilizing cameras and conventional image 

processing methods were created [4-6]. These 

techniques used morphological procedures, 

background subtraction, and edge detection to identify 

objects. Although vision-based methods increased the 

flexibility of detection, they were not very resilient to 

changing lighting, weather, and complicated 

backgrounds. Furthermore, the majority of these 

devices lacked accurate position monitoring and real-

time communication. 

As machine learning progressed, a number of 

researchers investigated supervised learning methods 

for classifying objects in railway settings [7–9]. To 

differentiate between obstacle and non-obstacle 

regions, feature extraction techniques were integrated 

with classifiers like Random Forests and Support 

Vector Machines. Nevertheless, all methods required 

manually created characteristics and demonstrated 

poor generalization when confronted with novel 

situations or dynamic impediments. 

 

Table I Comparison of Railway Obstacle Detection Approaches 

 

The increased accuracy and versatility of deep 

learning-based object detection models have led to a 

shift in recent research. Using real-time video streams, 

Convolutional Neural Network (CNN) architectures 

have been effectively used to identify people, animals, 

and automobiles on railroad tracks [10–13]. Even in 

Approach Technology Used Detection Capability Limitations 

Sensor-based 

detection 

Ultrasonic, IR, 

vibration sensors 

Detects presence of nearby 

objects 

Cannot classify obstacle type; affected 

by environmental noise [1–3] 

Traditional vision-

based methods 

Camera + image 

processing 

Detects objects using edges 

and motion 

Poor performance under low light and 

weather variations [4–6] 

Machine learning–

based methods 

Handcrafted features + 

classifiers 

Classifies limited obstacle 

types 

Requires manual feature extraction; low 

generalization [7–9] 

Deep learning–based 

vision systems 

CNN-based object 

detection models 

Accurate multi-class obstacle 

detection 

High computational requirement; limited 

communication integration [10–13] 

Proposed system Deep learning + 

sensors + GPS + GSM 

Real-time detection, 

classification, and location-

based alerts 

Dataset size and large-scale field 

validation pending 
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difficult environmental circumstances, these models 

showed notable gains in detection recall and precision. 

Nevertheless, a lot of current deep learning methods 

ignored useful deployment features like alarm 

communication and spatial localization in favor of 

concentrating just on detection accuracy. 

Some studies combined IoT technologies with vision-

based systems to address practical usability. To send 

location data and alerts to control centers, GPS and 

GSM modules were integrated [14,15]. The majority 

of these systems lacked an integrated framework that 

combined multi-sensor inputs, deep learning 

inference, and hierarchical alert mechanisms 

appropriate for large-scale railway networks, despite 

the fact that they improved response times. 

It is clear from the reviewed literature that while 

railway obstacle detection has advanced significantly, 

a unified system combining deep learning-based 

vision detection, environmental sensing, precise 

location tracking, and real-time alert dissemination is 

still lacking. By suggesting an integrated smart track 

monitoring system with precise obstacle identification 

and prompt transmission to railroad authorities, this 

study seeks to close this gap. 

 

III. PROPOSED SYSTEM ARCHITECTURE AND 

METHODOLOGY 

 

A. Overall System Architecture 

For real-time obstacle detection and warning 

generation, the suggested smart railway monitoring 

system is built as an integrated vision-based and 

sensor-assisted architecture. The architecture's four 

 main layers input sensing, processing, 

communication, and alerting ensure accurate 

detection and prompt action. 

A web camera continually records real-time video 

frames of the railway track environment at the input 

layer. Temperature and humidity sensors track 

ambient factors that could impact visibility and sensor 

dependability, while ultrasonic sensors are used in 

conjunction to gauge the distance of adjacent barriers. 

The robustness of the system under various operating 

situations is improved by these multi-modal inputs. 

A deep learning model and an Arduino 

microcontroller make up the processing layer. While a 

deep learning-based object detection model processes 

the visual input, the Arduino gathers sensor data and 

conducts initial threshold-based analysis.  

Google Colab is used to train the model, which is then 

installed on a laptop for real-time inference. This 

division of visual intelligence and sensor processing 

guarantees scalability and effective computing. 

When a possible threat is identified, the 

communication layer uses a GPS module to obtain the 

precise geographic locations. The closest railway 

station, control center, and train driver receive the 

identified obstruction information via a GSM module 

along with latitude and longitude data. To deliver 

instant on-site warnings, the alerting layer turns on 

local indications like buzzers and LEDs. 

 
Figure 2 Block diagram of the proposed system 

architecture 

 

B. Deep Learning-Based Obstacle Detection 

The system's deep learning-based object detection 

module is its central intelligence. The many obstacle 

categories seen on railroad lines, such as people, 

animals, cars, and natural impediments, are recognized 

and categorized using a convolutional neural network 

(CNN)-based detection architecture. Annotated image 

examples gathered from publicly accessible datasets 

and typical railway-like settings are used to train the 

algorithm. 

Google Colab is used for training in order to take use 

of high-performance GPUs, which allows for quicker 

convergence and effective management of big image 

datasets. Each incoming frame is processed by the 

trained model during inference, and bounding boxes 

with corresponding confidence ratings are produced. 

In order to reduce false positives, an obstacle is 

deemed valid if the confidence score is higher than a 

predetermined threshold 
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Figure 3 Workflow of the proposed deep learning–

based obstacle detection model. 

 

C. Sensor Fusion and Decision Logic 

The system uses sensor fusion, which combines 

ambient sensor data, ultrasonic distance 

measurements, and optical detection results to increase 

detection reliability. Temperature and humidity 

measurements aid in evaluating environmental 

dependability, while ultrasonic data validates 

closeness. While utilizing sensor inputs as supporting 

evidence to verify the existence of barriers, the 

decision logic gives priority to ocular detection. 

 

D. Mathematical Formulation 

Standard metrics are used to assess the object 

detection model's performance. The definition of the 

Intersection over Union (IoU) is: 

IoU =   
Area of Overlap

Area of Union
 

Precision and Recall are computed as: 

Precision =  
TP

TP + FP
 

Recall =  
TP

TP + FN
 

where TP, FP, and FN represent true positives, false 

positives, and false negatives, respectively. These 

metrics measure the robustness and accuracy of the 

suggested system's detection. 

 
Figure 4 Sample annotated images used for training 

the obstacle detection model. 

E. Alert Generation and Communication 

The GPS module obtains current latitude and 

longitude coordinates when an impediment has been 

verified. Railway authorities and train operators 

receive alarm messages from the GSM module that 

include information about the kind and position of 

obstacles. This real-time communication greatly 

lowers the chance of an accident by facilitating quick 

decision-making and preventive action. 
 

 
Figure 5, Obstacle detection output with bounding 

boxes 

 

IV. EXPERIMENTAL SETUP AND RESULTS 

ANALYSIS 

 

A. Experimental Setup 

The deep learning model was trained using Google 

Colab, which offers GPU acceleration appropriate for 

computationally demanding training tasks. Training in 

a cloud-based environment allows for quick 

experimentation and model optimization without 

hardware limitations. The experimental setup of the 

proposed system is intended to validate the viability 

and efficacy of vision-based obstacle detection 

integrated with IoT communication modules. 

Real-time photos of several train track settings were 

taken using a web camera. During the training phase, 

these photos were handled offline; during the 

inference phase, a laptop was used to process them 

online. As the main inference unit, the laptop runs the 

deep learning model that has been trained and works 

with the Arduino microcontroller to collect sensor 

data. Temperature and humidity sensors give 

environmental context and help validate detection 

reliability, while ultrasonic sensors assess closeness.  
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A GPS module for tracking location in real time and a 

GSM module for sending alert messages make up the 

communication subsystem. The microcontroller is 

linked to local alert indicators like buzzers and LEDs 

to deliver instantaneous on-site alerts. 
 

 
Figure 7 Hardware setup of the proposed prototype 

system 

 

B. Dataset Preparation 

A large-scale custom dataset is not yet complete. On 

the other hand, the system framework is built to 

facilitate training using both self-collected photos of 

railway environments and publicly accessible 

information. A variety of obstacle types, including 

people, animals, cars, and natural barriers, are  

included in the image samples. 

Bounding boxes are used to annotate images so that 

supervised object detection is possible. To enhance 

model generality, common preprocessing methods 

including image scaling, normalization, and data 

augmentation (rotation, flipping, and brightness 

correction) are used. Future work will include 

expanding the collection with photographs of actual 

train tracks. 

 

C. Detection Output and System Response 

The trained deep learning model produced bounding 

boxes with confidence scores and successfully 

detected obstacles in the camera's field of view during 

testing. The system initiates the alarm mechanism 

when it detects an obstruction. The GSM module 

sends the precise latitude and longitude of the detected 

location to the closest train driver, control room, and 

train station. 

 

In order to provide an instant warning, local alert 

indicators like buzzers and LEDs are turned on 

simultaneously. Redundancy and quicker reaction are 

guaranteed by this multi-level alarm system. 

 

 
Figure 8 Alert message containing obstacle distance, 

Humidity and Temperature 

 

D. Performance Evaluation 

Standard measures like Precision, Recall, and 

Intersection over Union (IoU), as described in the 

preceding section, are used to assess the detection 

model's performance. Extensive quantitative 

examination is currently limited due to the lack of a 

complete dataset. Preliminary findings, however, 

point to accurate obstacle recognition in controlled 

environments. 

Following extensive field testing and large-scale 

dataset gathering, a thorough quantitative comparison 

involving accuracy, confusion matrix, and inference 

time will be carried out. 

 

E. Discussion 

The experimental findings show that combining 

sensor data, IoT communication, and deep learning-

based vision for railway safety applications is 

practically feasible. Although the system's 

functionality is validated by the existing 

implementation, performance can be greatly improved 

by expanding the dataset, implementing edge-

optimized inference platforms, and carrying out real-

time field experiments in various railway contexts. 

 
Figure 9 A system designed for enhancing railway 

safety 



© January 2026 | IJIRT | Volume 12 Issue 8 | ISSN: 2349-6002 

IJIRT 191711 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 8790 

V. CONCLUSION 

 

In order to improve railway safety, this study 

introduced a Smart Track Vision-Based Obstacle 

Detection System for railroads that combines 

computer vision, deep learning, and Internet of 

Things-based communication. In order to enhance 

environmental awareness and detection reliability, the 

suggested system makes use of a web camera for real-

time visual monitoring in conjunction with 

temperature, humidity, and ultrasonic sensors. 

Accurate identification of various obstacle kinds on 

railroad tracks is made possible using a deep learning-

based object detection model that is run on a laptop 

and trained using Google Colab. When a possible 

threat is identified, the system uses a GPS module to 

obtain specific geographic locations and sends alert 

signals via a GSM module to the closest train driver, 

control room, and railway station. Buzzers and LEDs 

are used in local alert systems to further guarantee 

prompt on-site notice. The experimental 

implementation shows that proactive accident 

avoidance can be achieved by combining vision-based 

intelligence, sensor fusion, and real-time 

communication. All things considered, the suggested 

design provides a scalable, affordable, and adaptable 

solution for intelligent railway monitoring systems, 

with great potential for future improvement and 

practical implementation. 
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