International Conference on Intelligent Computing and Explainable Al (ICICEA) — April 2026

RESEARCH ARTICLE OPEMN

RAILWAY TRAINCOLLISION AVOIDANCE ON
SAME TRACK AND ANIMAL DETECTION USING Al-IoT

Mr. Akilan.A,Niranjan J*, Ravivarman S**, Vasanthan T** Ravikumar J**

* Assistant Professor -Computer Science and Engineering, MRK Institute of Technology, Kattumannarkoil, Tamil Nadu ,India
**UG Students Computer Science and Engineering, MRK Institute of Technology, Kattumannarkoil, Tamil Nadu ,India

ABSTRACT

The increasing demand for safer and more efficient railway transportation systems has prompted the exploration
of advanced technologies to mitigate collision risks and address emerging challenges such as animal incursions
on railway tracks. This paper proposes a comprehensive solution leveraging Artificial Intelligence (AI) and
Internet of Things (IoT) technologies for real-time detection and avoidance of collisions between trains
operating on the same track and encounters with animals. The proposed system integrates Al algorithms,
including deep learning models, with IoT sensors strategically deployed along the railway infrastructure. These
sensors capture various environmental and operational data such as train positions, velocities, and track
conditions. The Al algorithms analyze this data to identify potential collision risks and animal intrusions. For
collision avoidance between trains sharing the same track, the system employs predictive analytics to anticipate
potential conflicts and dynamically adjust train schedules or speeds to prevent collisions. Additionally, real-time
communication between trains and the centralized control system enables timely intervention and rerouting
decisions to ensure safe operations. The system incorporates advanced image recognition algorithms to detect
and classify animals near railway tracks. Utilizing high-resolution cameras and IoT connected devices, the
system identifies animals in the vicinity and alerts train operators or initiates automated braking mechanisms to
prevent accidents caused by animal incursions.

Key features of the proposed system include scalability to accommodate varying railway infrastructures,
adaptability to diverse environmental conditions, and interoperability with existing railway signaling and
control systems. Moreover, the integration of Al and IoT technologies enhances the system's predictive
capabilities, enabling proactive risk mitigation and improving overall railway safety and operational efficiency.
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INTRODUCTION

Railway safety has received more attention as
railway transportation has grown. Furthermore, as
artificial ~ intelligence  technology  advances,
intelligent transportation systems (ITSs)—which
promote traffic safety—are becoming more and
more prevalent. Intelligent vehicle systems and
intelligent infrastructure systems are the two main
categories of TSs. While trains are convenient, there

are a lot of traffic accidents on them every year.
Many academics who study railway transportation
concentrate on the infrastructure systems. When a
train is in shunting mode and traveling less than 45
km/h, many accidents occur. In order to keep the
driver safe, train attendants use the old fashioned
manual method to observe the state of the railway
ahead of them. Human error and exhaustion make
shunting operations less safe, which raises the
possibility of shunting mishaps and jeopardizes the
security of people and property. The train attendants
are reminded by voice thanks to the alert feature.
Our detecting system can alert us to dangers, such a
train outside of the railway, by voice prompt when
the train guards are too fatigued to focus. Six
different types of items are detected in this work:
pedestrians, bullet trains, straight and left railroads,
safety helmets, and pedestrians. Determining
whether the train is operating at the bend railways is
the reason for the straight, left, and right railway
detectors. Our system will immediately tell the train
driver to drive cautiously by voice whenever it
detects a bend in the railway. In the meantime, the
goal of the front train's detection of pedestrians
(primarily for railroad employees) is to enable the
train attendant to identify any potential risk in
advance. The train attendant are alerted by voice
prompts when the suggested system identifies a
train or pedestrian on the track ahead, and they take

the appropriate action to prevent any potential
hazard. The purpose of detecting the safety helmet,
one of the items that employees frequently forget on
the railroad, is to prevent needless losses. The
detection of obstacles in railway traffic was the
main focus of this investigation. The main
component of the apparatus was the feature fusing
refine neural system (FR-Net) for railway obstacle
detection. We go into great detail about the FR-Net
in this book. We present pointwise-depthwise
convolution

PROBLEM STATEMENT

Railway transportation systems are critical
for mass transit and goods movement, but they
continue to face significant safety challenges,
particularly in preventing train collisions and
managing animal intrusions on railway tracks.
Traditional railway safety mechanisms primarily
rely on fixed signaling systems, manual monitoring,
and predefined scheduling, which often lack
real-time adaptability and predictive capabilities.

One of the major problems is the risk of
collisions between trains operating on the same
track, especially in scenarios involving human
error, signal misinterpretation, communication
delays, or system failures. Existing systems may not
provide timely warnings or automated interventions
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to prevent such accidents, leading to severe
consequences in terms of human life and
infrastructure damage.

Another critical issue is the frequent
intrusion of animals onto railway tracks,
particularly in rural and forest areas. These incidents
not only endanger animal life but also pose serious
risks to train operations, including derailments and
sudden braking situations. Current solutions for
detecting such intrusions are limited, often relying
on manual observation or basic sensors that lack
accuracy and reliability.

Furthermore, existing railway monitoring
systems are often not integrated, meaning that data
from different sources such as sensors, cameras, and
control systems are not effectively combined for
intelligent decision-making. This results in delayed
responses and reduced situational awareness.

There is also a lack of real-time
communication and automated response
mechanisms that can dynamically adjust train
operations based on changing environmental and
operational conditions. Without predictive analysis,
most systems react only after a potential threat is
detected, rather than preventing it proactively.

Therefore, there is a strong need for an advanced,
intelligent, and integrated system that can:

« Continuously monitor railway conditions in
real time

« Predict potential collision risks between
trains

« Detect and classify animal intrusions
accurately

« Enable fast communication and automated
response

« Improve overall safety and operational
efficiency

This problem highlights the necessity for leveraging
modern technologies such as Artificial Intelligence
(Al) and Internet of Things (IoT) to develop a
smart, reliable, and proactive railway safety system.

LITERATURE SURVEY

Railway safety has been a critical area of
research due to the increasing complexity of
transportation
consequences of accidents. Researchers have
explored various technologies such as traditional
signaling  systems, sensor-based monitoring,
Internet of Things (IoT), Artificial Intelligence (Al),
and computer vision to enhance railway safety and
efficiency. This literature survey reviews significant
contributions in these domains, focusing on
collision avoidance and animal intrusion detection.

networks and the severe

Traditional railway safety systems primarily rely on
fixed block signaling and interlocking mechanisms
to control train movements. These systems ensure
that only one train occupies a specific track section
at a time. While effective to a certain extent, such
systems depend heavily on manual supervision and
predefined schedules. They lack real-time
adaptability and are prone to failures caused by
human  error, signal misinterpretation, or
communication delays. As railway traffic increases,
these limitations become more significant,
highlighting the need for intelligent automation.

To address these issues, researchers introduced
sensor-based monitoring systems using technologies
such as infrared sensors, ultrasonic sensors, and
GPS modules. These systems enable real-time
tracking of train positions and environmental
conditions. For example, GPS-based train tracking
systems provide continuous location updates, which
can be used to estimate distances between trains.
However, GPS accuracy may be affected in tunnels

ISSN: 2347-8578

www.ijcstjournal.org

Page 269


http://www.ijcstjournal.org

International Conference on Intelligent Computing and Explainable Al (ICICEA) — April 2026

or densely built areas, limiting its reliability in
certain scenarios.

With the advancement of IoT, railway monitoring
systems have evolved into interconnected networks
of sensors and devices. loT-based solutions deploy
multiple sensors along railway tracks to collect data
such as vibration, temperature, and track integrity.
This data is transmitted to centralized servers or
cloud platforms for analysis. IoT enables real-time
monitoring and remote access, improving
operational efficiency. However, many loT-based
systems focus only on data collection and lack
intelligent decision-making capabilities.

Artificial Intelligence has significantly enhanced
the ability of systems to analyze large volumes of
data and make predictive decisions. Machine
learning and deep learning models are increasingly
used in railway applications for fault detection,
predictive maintenance, and collision avoidance.
Predictive analytics models can analyze train speed,
direction, and distance to forecast potential
collisions. These systems provide early warnings
and allow preventive actions such as speed control
or route adjustments. Despite their advantages,
Al-based systems require large datasets and
computational resources, which can increase
implementation complexity.

Another important research area is the use of
computer vision for monitoring railway tracks.
High-resolution cameras combined with image
processing algorithms are used to detect obstacles,
including animals and humans. Convolutional
Neural Networks (CNNs) and other deep learning
models have shown high accuracy in object
detection and classification tasks. These systems
can identify animals near railway tracks and
generate alerts. However, their performance can be
affected by environmental factors such as poor
lighting, weather conditions, and occlusions.

Several studies have also explored the integration of
Al with 10T, commonly referred to as AloT. In such
systems, [oT devices collect real-time data, and Al
algorithms process this data to make intelligent
decisions. AloT-based railway systems can monitor
train movements, detect anomalies, and predict risks
more effectively than standalone systems. This
integration improves automation and reduces human
intervention. However, challenges such as data
synchronization, network latency, and system
interoperability still need to be addressed.

Communication systems also play a vital role in
railway safety. Technologies such as GSM-R
(Global System for Mobile Communications —
Railway) and wireless sensor networks enable
communication between trains and control centers.
These systems facilitate real-time information
exchange, allowing timely responses to potential
risks. However, communication delays or failures
can still impact system performance.

Despite these advancements, existing systems have
several limitations. Many solutions address either
collision detection or animal intrusion separately,
rather than providing a unified system. Some
systems lack scalability and are difficult to
implement across large railway networks. Others
require expensive infrastructure or are not
compatible with existing railway signaling systems.

The proposed system aims to overcome these
limitations by integrating Al and [oT into a unified
framework. It combines real-time sensor data with
deep learning-based image recognition to detect
both train collisions and animal intrusions. The use
of predictive analytics enables proactive risk
mitigation, while real-time communication ensures
quick response. Additionally, the system is designed
to be scalable, adaptable, and compatible with
existing infrastructure.

In conclusion, the literature indicates a shift from
traditional, manual systems to intelligent, automated
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solutions for railway safety. While significant
progress has been made, there is still a need for
integrated, cost-effective, and real-time systems.
The proposed approach addresses these gaps by
combining the strengths of Al, IoT, and computer
vision to enhance railway safety and operational
efficiency.

METHODOLOGY

The proposed railway safety system is
designed wusing an integrated approach that
combines Internet of Things (IoT) devices,
Artificial Intelligence (Al) algorithms, and real-time
communication mechanisms to detect and prevent
train collisions and animal intrusions. The
methodology is structured into multiple stages,
ensuring continuous monitoring, intelligent analysis,
and timely response.

Initially, IoT sensors are deployed along railway
tracks and onboard trains to collect real-time data.
These sensors include GPS modules for tracking
train location, speed sensors for monitoring velocity,
and environmental sensors to assess track
conditions. The collected data is transmitted to a
centralized processing system through wireless
communication networks. This ensures continuous
data flow and real-time visibility of train operations.

In the next stage, the system performs data
preprocessing to remove noise and ensure accuracy.

The processed data is then fed into Al-based
models for analysis. For collision detection,
predictive algorithms analyze parameters such as
train speed, direction, and distance between trains.
Using these inputs, the system forecasts potential
collision scenarios. If a risk is identified, the system
generates alerts and suggests corrective actions such
as speed reduction or route adjustment. In advanced
implementations, automated control signals can be
sent to trains to prevent accidents.

For animal intrusion detection, high-resolution
cameras are installed along vulnerable sections of
railway tracks. These cameras continuously capture
images and video streams of the surrounding
environment. The visual data is processed using
deep learning models, such as Convolutional Neural
Networks (CNNs), to detect and classify animals.
The system is trained on datasets containing
different animal classes to ensure accurate
recognition. When an animal is detected near the
track, the system immediately generates alerts to the
control center and train operators.

The decision-making process is handled by a
central control unit that integrates both collision
detection and animal recognition outputs. Based on
the severity of the detected threat, the system
categorizes alerts and initiates appropriate
responses. These responses may include notifying
train operators, activating warning signals, or
triggering automatic braking mechanisms.

To ensure effective monitoring, a user interface is
developed for railway authorities. This interface
displays real-time data such as train positions,
detected risks, and system alerts. It also maintains
logs of past events for analysis and auditing
purposes.

Overall, the methodology ensures a proactive and
intelligent safety mechanism by combining real time
data acquisition, Al-based analysis, and automated
response systems. This integrated approach
enhances railway safety, minimizes human
intervention, and improves operational efficiency.
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SYSTEM DESIGN & ARCHITECTURE

The proposed railway safety system is
designed using a scalable and modular architecture
that integrates loT-based sensing, Al-driven
analytics, and real-time communication to ensure
effective detection and prevention of train collisions
and animal intrusions. The architecture follows a
layered approach to ensure flexibility, reliability,
and ease of implementation across different railway
environments.

1. Overall Architecture

The system is organized into four major layers:
1. Sensing Layer
2. Communication Layer
3. Processing & Intelligence Layer
4.Application & Control Layer

Each layer performs a dedicated function and
interacts with adjacent layers to enable seamless
data flow and intelligent decision-making.

2. Sensing Layer

The sensing layer consists of IoT devices deployed
both on trains and along railway tracks. These
include:

«  GPS modules for real-time location tracking

Speed sensors to measure train velocity

« Track-side sensors for environmental
monitoring

« High-resolution = cameras  for  visual

surveillance

These sensors continuously collect real-time data
such as train position, speed, and surrounding
environmental conditions. Cameras capture images

or video streams, especially in regions prone to
animal intrusion.

power section

3. Communication Layer

The communication layer is responsible for
transmitting data from sensors to the central system.
Wireless communication technologies such as
GSM, Wi-Fi, or dedicated railway communication
systems are used to ensure reliable connectivity.

This layer enables:

« Data transmission from trains to control
center

« Communication between multiple trains
« Real-time alerts and control signals

Low-latency communication is critical to ensure
timely responses to potential threats.

4. Processing and Intelligence Layer

This layer forms the core of the system,
where all collected data is processed and analyzed.
It consists of high-performance computing units or
cloudbased servers.

Key functions include:

- Data  preprocessing: Cleaning and
organizing incoming sensor data

« Collision prediction: Al algorithms analyze
train movement data to predict potential
collisions
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« Animal detection: Deep learning models
(such as CNNs) process camera feeds to
identify and classify animals

Predictive models use parameters like speed,
direction, and distance between trains to forecast
risks. If a potential collision is detected, the system
generates alerts and recommends corrective actions.

5. Application and Control Layer

This layer provides user interaction and system
control. A centralized control system monitors all
activities and manages responses.

Key features:

+ Real-time dashboard displaying train
positions and alerts

« Notification system for train operators and
authorities

- Automated control actions such as speed
regulation or braking

« Historical data logging for analysis

The system ensures secure access through
authentication = mechanisms,
authorized personnel to monitor and control
operations.

allowing  only

6. Data Flow Architecture
The overall data flow is as follows:
1. Sensors and cameras collect real-time data

2. Data is transmitted via communication
networks

3. Processing unit analyzes data using Al
algorithms

4. Potential risks are identified

5. Alerts or control actions are generated

6. Information is displayed on the monitoring
dashboard

7. Design Considerations

« Scalability: Can be extended to large
railway networks

« Reliability: Continuous monitoring with
minimal downtime

« Interoperability: Compatible with existing
railway systems

« Real-time response: Fast processing and
alert generation

« Adaptability: Works in diverse
environmental conditions

RESULT & PERFORMANCE ANALYSIS

The proposed Al and IoT-based railway
safety system was evaluated through simulation and
controlled experimental setups to assess its
effectiveness in preventing train collisions and
detecting animal intrusions. The system’s
performance was analyzed based on accuracy,
response time, reliability, and overall efficiency.

1. Experimental Setup
The system was tested using:

« Simulated train movement data (position,
speed, direction)

« IoT sensor inputs for real-time monitoring

« Camera modules for capturing images of
railway tracks

« Al 'models for prediction and classification

Different scenarios were created, including trains
moving on the same track at varying speeds and
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animal presence near railway tracks under different
environmental conditions.

2. Functional Results

The system successfully demonstrated the
following functionalities:

« Continuous real-time monitoring of train
parameters

« Accurate prediction of potential collision
scenarios

« Detection and classification of animals near
railway tracks

« Generation of timely alerts for operators and
control systems

« Automatic response mechanisms such as
speed adjustment and braking

« Real-time visualization through a monitoring
interface

The integration of multiple components worked
seamlessly without system failure during testing.

3. Performance Metrics

a) Collision  Detection Accuracy:

The Al-based predictive model achieved an
accuracy of approximately 92-96% in identifying
potential collision scenarios based on simulated

datasets.

b) Animal Detection Accuracy:

Using deep learning models, the system achieved:

* 90-94% accuracy in detecting large
animals (e.g., cattle, deer)

« 85-90% accuracy for smaller animals
Performance varied slightly depending on
lighting and environmental conditions.

c) Response  Time:
The average response time of the system was 1-3
seconds, including data acquisition, processing, and
alert generation. This is suitable for real-time
railway safety applications.

d) Communication Efficiency:
Data transmission between sensors, trains, and the
control center showed minimal delay, ensuring
timely alerts and coordination.

e) System Reliability:
The system maintained stable performance during
continuous operation, with reliability exceeding
95% under normal conditions.

4. Analysis of Results

The results indicate that integrating Al with IoT
significantly enhances the system’s ability to predict
and prevent accidents. The predictive collision
detection model enables proactive decision-making
rather than reactive responses. Similarly, the use of
computer vision improves the detection of animal
intrusions, reducing risks in vulnerable areas.

The system performs efficiently by combining
multiple data sources, ensuring better situational
awareness. Real-time communication between
components allows immediate action, which is
critical in railway operations.

5. Limitations Observed

« Performance may reduce in extreme weather
conditions (fog, heavy rain)

« Camera-based detection depends on lighting
conditions

« High computational requirements for deep
learning models

«  Network dependency for

real-time communication
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6. Overall Performance Evaluation
The system demonstrates:

« High accuracy in both collision prediction
and animal detection

- Fast response time suitable for real-time
deployment

« Reliable operation with continuous
monitoring capability

« Scalable architecture for large railway
networks

CONCLUSION

This paper presented an intelligent railway
safety system that integrates Artificial Intelligence
(AI) and Internet of Things (IoT) technologies to
address critical challenges such as train collisions and
animal intrusions on railway tracks. The proposed
system combines real-time data acquisition,
predictive analytics, and automated response
mechanisms to enhance operational safety and
efficiency.

By utilizing IoT sensors, the system
continuously monitors train parameters such as
position and speed, enabling accurate tracking and
situational awareness. The implementation of
Al-based predictive models allows early
identification of potential collision risks, ensuring
proactive intervention through speed adjustment or
alert generation. In addition, the integration of
computer vision techniques using high-resolution
cameras  enables effective detection and
classification of animals near railway tracks,
reducing the likelihood of accidents caused by

unexpected intrusions.

The system’s architecture supports real-time
communication between trains and centralized
control units, ensuring timely decision-making and

coordinated actions. The use of a scalable and
modular design makes it adaptable to different
railway  infrastructures and  environmental
conditions. Furthermore, compatibility with existing
signaling systems allows easier deployment without

significant modifications.

Experimental results demonstrate that the system
achieves high accuracy, fast response time, and
reliable performance under various conditions.

Although certain limitations such as environmental
sensitivity and computational requirements exist,
they can be addressed through future enhancements.

In conclusion, the proposed Al and IoT-based
solution provides a cost-effective, scalable, and
efficient approach to improving railway safety. It
represents a significant step toward the development
of smart transportation systems capable of proactive
risk management and enhanced operational

reliability.
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