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Abstract

Railway transportation is highly vulnerable to accidents caused by unexpected obstacles such as fallen
trees, vehicles, animals, debris, landslides, or intentional sabotage. To address these risks, this paper
proposes a Smart Railway Track Obstacle Monitoring System with Intent-Based Risk
Classification that detects and analyses track obstructions in real time.

The system integrates cameras, infrared sensors, vibration sensors, and loT-enabled devices deployed
along railway tracks. Using Artificial Intelligence and deep learning algorithms, it not only identifies
obstacles but also classifies them based on intent—accidental, natural, or malicious—and assigns a
risk level (low, medium, or high). Edge computing ensures immediate processing, while a centralized
dashboard enables railway authorities to receive alerts and take rapid action, including speed control
Or emergency responses.

By combining IoT, Al, and real-time analytics, the proposed system reduces false alarms, improves
response time, and enhances railway safety and operational efficiency.

Keywords: Smart Railway System, Obstacle Detection, Intent-Based Risk Classification, Artificial
Intelligence, Internet of Things (IoT), Edge Computing, Railway Safety, Real-Time Monitoring
Introduction

1. Introduction obstruction. Such incidents can result in

Railway transportation remains one of the
most vital modes of mass transit and freight
movement worldwide, playing a critical role in
economic  development, mobility, and
industrial  logistics.  Despite  continuous
advancements  in  signaling  systems,
automation, and safety protocols, railway
infrastructure is still highly vulnerable to
accidents caused by unexpected obstacles on
tracks. These obstacles may arise from natural
events such as landslides, floods, fallen trees,
and animal crossings; accidental causes such
as stalled vehicles, debris, or construction
materials; and malicious or intentional acts
including sabotage, vandalism, or deliberate

derailments, collisions, service disruptions,
infrastructure damage, and severe loss of life,
making railway safety a persistent and high-
priority challenge for modern transportation
systems [1].

Traditional railway safety mechanisms rely
largely on manual inspections, fixed signaling
systems, and reactive response strategies.
These methods often suffer from delayed
detection, limited coverage, and an inability to
accurately interpret the nature and severity of
threats in real time [2]. Human-dependent
monitoring 1is constrained by visibility
conditions, environmental factors, and
response latency, while conventional sensor-
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based systems are typically designed only for
detection, not intelligent interpretation. As
railway networks expand and train speeds
increase, these limitations significantly raise
the risk of catastrophic accidents, highlighting
the urgent need for intelligent, autonomous,
and proactive monitoring solutions.

Recent advancements in Artificial Intelligence,
Internet of Things (IoT), and edge computing
technologies have opened new possibilities for
transforming railway safety systems from
reactive to predictive and intelligent
frameworks [3]. Al-driven computer vision
enables accurate real-time obstacle
recognition, deep learning models allow
complex pattern analysis, and IoT networks
support continuous data transmission from
distributed sensors. Edge computing further
strengthens this ecosystem by enabling local,
low-latency processing of sensor data,
ensuring  immediate  response  without
dependence on centralized cloud infrastructure
alone. However, most existing solutions focus
primarily on obstacle detection and
classification by type, without considering the
underlying intent or threat context of the
obstruction.

Understanding the intent behind an obstacle is
crucial for effective risk management. A
naturally fallen tree, a stray animal, and an
intentionally placed object pose fundamentally
different levels of risk and require different
operational responses [4]. Systems that treat
all obstacles uniformly often generate false
alarms or inefficient responses, leading to
unnecessary train  stoppages, operational
delays, and reduced trust in automated safety
technologies. Therefore, the integration of
intent-based risk classification represents a
critical advancement in intelligent railway
monitoring systems.

This research introduces a Smart Railway
Track Obstacle Monitoring System with
Intent-Based Risk Classification that moves
beyond simple detection to intelligent threat
interpretation. By integrating multimodal
sensing technologies—including cameras,
infrared sensors [5], vibration sensors, and

IoT-enabled devices—with Al-driven deep
learning models, the system enables real-time
detection, classification, and contextual
analysis of track obstructions. Obstacles are
categorized based on intent into accidental,
natural, or malicious classes and are further
assigned dynamic risk levels (low, medium, or
high), enabling prioritized and adaptive
response strategies. Edge computing ensures
immediate local processing and low-latency
decision-making, while centralized monitoring
dashboards provide railway authorities with
actionable intelligence, alerts, and control
capabilities.

By combining intelligent perception, intent
analysis, and real-time risk evaluation, the
proposed system aims to significantly reduce
false alarms, enhance situational awareness,
improve response time, and strengthen
operational resilience [6]. This integrated
approach not only improves passenger and
asset safety but also contributes to the
development of next-generation smart railway
infrastructure capable of autonomous risk
assessment and proactive accident prevention
in complex, real-world environments.
2.Related Work

Recent years have witnessed significant
research progress in intelligent railway safety
systems, particularly in the areas of obstacle
detection, intrusion monitoring, and Al-driven
risk assessment. Deep learning and computer
vision techniques have emerged as dominant
approaches for enhancing railway safety
through automated perception and decision-
making. [7] presented a deep learning—based
framework for railway obstacle detection,
emphasizing the role of convolutional neural
networks in extracting robust visual features
from complex track environments. The study
demonstrated improved detection accuracy
under varying lighting and environmental
conditions, highlighting the effectiveness of
deep learning models for real-world railway
monitoring. Similarly, Kumar (2024) proposed
an AI/ML vision-based smart track intrusion
alert system for unsecured and unprotected
zones, focusing on real-time surveillance and
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automated alert generation. This work showed
that Al-driven vision systems can significantly
improve situational awareness in vulnerable
railway sections. [8] introduced a multitask
learning-based convolutional neural network
model for railway obstacle intrusion detection,
where multiple related tasks such as detection
and classification were learned simultaneously.
This approach improved generalization
performance and reduced false detections,
demonstrating the benefit of shared feature
representations. [9] explored a developed
Euclidean clustering—based method for
obstacle detection, combining classical
clustering  techniques  with  intelligent
processing to enhance object separation and
localization on railway tracks.

IoT integration has also been widely explored
for real-time monitoring. [10] developed a
real-time railway track crack and obstacle
detection system using Arduino and IoT-based
alert mechanisms, showing how low-cost
sensor networks can provide continuous
monitoring and automated warning systems.
[11] extended deep learning—based obstacle
detection into metro environments, validating
their model through real-world deployment
and testing, which demonstrated the practical
applicability of Al models in urban rail
systems.

More recent research has moved toward
combining detection with risk assessment. [12]
proposed a YOLO-based railway obstacle
intrusion warning mechanism integrated with
risk evaluation, enabling not only detection but

also severity estimation. [13] further advanced
this concept by introducing railway intrusion
risk quantification wusing track semantic
segmentation and spatiotemporal features,
allowing contextual understanding of dynamic
threats. [14] focused on deep learning—based
obstacle detection for rail transit systems,
establishing foundational models for vision-
based railway perception. [15] proposed a
reusable  Al-enabled  defect  detection
framework  using  ensembled = CNNs,
emphasizing model robustness and scalability
across railway infrastructures.

Although these studies significantly advance
railway obstacle detection and monitoring,
most existing systems primarily focus on
detection accuracy, classification, and alert
generation. Very few works explicitly address
intent-based interpretation of obstacles or
intelligent differentiation between natural,
accidental, and malicious causes. Risk
assessment is often limited to severity scoring
without contextual understanding of threat
intent. This gap highlights the need for
integrated systems that combine multimodal
Al-based
classification, and dynamic risk modeling. The
proposed Smart Railway Track Obstacle

sensing, perception, intent

Monitoring System directly addresses this
limitation by introducing intent-based risk
classification, enabling intelligent
prioritization,  adaptive  responses, and
proactive accident prevention within real-time

railway safety frameworks.

Table 1: Comparative Review of AI-Based Vision and Risk Detection Approaches:
Methodologies, Contributions, and Limitations

Ref | Author(s) & | Methodology Key Contribution Limitation
Year

1 [7] Deep learning (CNN) Accurate visual obstacle | No risk/intent
detection modeling

2 [8] AI/ML vision system Real-time intrusion | No contextual risk
alerts analysis

3 [9] Multitask CNN Reduced false | Detection-focused
detections only

4 [10] Euclidean clustering Improved object | Limited intelligence
separation
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5 [11] IoT + Arduino Low-cost  monitoring | Sensor-based,  not
system Al-driven

6 [12] Deep learning Metro deployment | No intent
validation classification

7 [13] YOLO + risk assessment Detection + severity | No intent modeling
estimation

8 [14] Semantic segmentation + | Risk quantification Complex

spatiotemporal computation

9 [15] Deep learning Foundational detection | Basic perception
model only

10 | Proposed Ensembled CNN Robust defect detection | No real-time intent

analysis
3. Methodology wireless protocols. Data collected from

The proposed Smart Railway Track Obstacle
Monitoring System with Intent-Based Risk
Classification is designed as an integrated
intelligent ~ framework  that  combines
multimodal sensing, Al-driven perception,
intent analysis, and real-time risk evaluation.
The methodology is structured into three major
components: (i) Multimodal Data Acquisition
and Edge-Based Processing, (ii) Al-Based
Obstacle Detection and Intent Classification,
and (iii) Risk Assessment, Decision Support,
and System Integration.

3.1 Multimodal Data Acquisition and Edge-
Based Processing

The first stage of the methodology focuses on
continuous, real-time data acquisition from
railway track environments using a
multimodal sensor network. The system
deploys heterogeneous sensors, including
high-resolution cameras, infrared (IR) sensors,
vibration Sensors, and IoT-enabled
environmental sensors along railway tracks.
Visual sensors capture real-time video streams
of track conditions, while infrared sensors
support detection under low-light and night-
time conditions. Vibration sensors detect
abnormal ground or rail vibrations caused by
landslides, track intrusions, derailment risks,
or heavy obstructions. Environmental sensors
monitor temperature, humidity, and weather
conditions, which are essential for contextual
analysis and reducing false alarms.

All sensor nodes are connected through an [oT
communication architecture using low-latency

distributed nodes are transmitted to nearby
edge computing units deployed along the
railway infrastructure. Edge computing plays a
critical role in this architecture by enabling
local processing of high-volume sensor data,
minimizing transmission delays, reducing
bandwidth usage, and ensuring real-time
responsiveness. Instead of sending raw data
directly to centralized servers, preprocessing
operations such as noise filtering, frame
normalization, feature enhancement, and data
synchronization are performed locally at the
edge.

Level Cronsmg
.

Figure 1:Vision Based Obstacle Detection
On Railway Track
This distributed processing model significantly
improves system scalability and reliability.
Even in low-connectivity or remote regions,
the system maintains operational continuity
through autonomous local processing. Edge
nodes perform preliminary anomaly detection
and data prioritization, ensuring that only
relevant information is transmitted to the
central monitoring platform. This architecture
supports fault tolerance, low latency, and real-
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time responsiveness, which are critical for
railway safety systems.

By combining multimodal sensing with edge
computing, the system creates a robust
perception layer capable of capturing diverse
physical phenomena associated with railway
obstructions. This approach ensures high
detection reliability across varying
environmental conditions, complex terrains,
and dynamic operational scenarios. The
integration of IoT and edge intelligence forms
the foundation for advanced Al-based analysis
and intent classification in the subsequent
stages of the methodology.

Algorithm: Intent-Based Obstacle Risk
Classification

Input: Sensor data (video, IR, vibration, IoT
data)
Output: Risk level {Low, Medium, High} and
action decision
1. Acquire multimodal sensor data
2. Preprocess data at edge node
3. Detect obstacles using deep learning
model
4. Extract spatial-temporal and
contextual features
5. Classify intent € {Natural, Accidental,
Malicious}
6. Compute risk score based on intent +
severity + context
7. Assign risk level {Low, Medium,
High}
8. Trigger decision response (alert,
control, emergency)
9. Update central dashboard and data
logs

3.2 Al-Based Obstacle Detection and Intent
Classification

The second stage of the methodology
implements Artificial Intelligence and deep
learning models for intelligent obstacle
detection and intent-based classification.
Preprocessed sensor data from edge nodes are
fed into deep neural networks designed for

real-time perception and semantic
understanding. Convolutional Neural
Networks (CNNs) and deep vision models
analyze video frames to detect and localize
objects on railway tracks, including vehicles,
humans, animals, debris, trees, rocks, and
infrastructure components. Feature extraction
layers learn spatial and contextual patterns,
enabling robust recognition even under
occlusion, low visibility, and complex
backgrounds.

Beyond simple detection, the system
introduces an intent-based classification
framework. Detected obstacles are not only
identified by type but also classified based on
their underlying intent:

e Natural (e.g., landslides, fallen trees,
animal crossings, floods),

e Accidental (e.g., stalled vehicles,
construction debris,
failure), and

e Malicious (e.g., sabotage, deliberate
obstruction, vandalism, intentional

equipment

placement of objects).

This intent modeling is achieved through
multi-feature  fusion, combining  visual
features, motion patterns, vibration signatures,
temporal behavior, and environmental context.
Deep learning classifiers and attention
mechanisms analyze spatial-temporal
relationships and behavioral cues to infer the
probable cause and intent of each detected
obstacle. For example, slow-moving animals,
sudden rockfalls, or gradual soil movement are
interpreted differently from static, deliberately
placed objects or coordinated human
intrusions.

The Al model is trained on labeled datasets
containing obstacle types, environmental
conditions, and intent categories. Transfer
learning and data augmentation techniques
improve generalization and robustness. The
system continuously updates its learning
models through incremental training using
new real-world data, enabling adaptive
intelligence and long-term  performance
improvement.
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This stage transforms raw sensor inputs into
high-level semantic intelligence, converting
perception into understanding. By integrating
detection with intent classification, the system
moves beyond conventional surveillance and
enables intelligent interpretation of threats.
This capability is essential for reducing false
alarms, prioritizing real risks, and enabling
context-aware decision-making in railway
safety operations.

3.3 Risk Assessment, Decision Support, and
System Integration

The final stage of the methodology focuses on
dynamic risk assessment, intelligent decision
support, and real-time system integration.
Outputs from the AI detection and intent
classification module are fed into a risk
evaluation engine that assigns each detected
obstacle a risk level: low, medium, or high.
Risk scoring is computed using multiple
parameters, including obstacle type, intent
category, distance from train path, speed of
approaching trains, environmental conditions,
historical incident data, and temporal behavior
patterns.

A rule-based and Al-driven hybrid risk model
is used to ensure both interpretability and
adaptability. For example, natural obstacles
such as small animals may be classified as low
risk, while landslides or large debris are
classified as high risk. Accidental obstacles
may receive medium or high risk depending
on severity, whereas malicious obstructions are
automatically prioritized as high-risk threats.
This structured risk stratification enables
intelligent prioritization of responses.

The decision support module converts risk
levels into automated operational actions.
Low-risk events trigger monitoring alerts,
medium-risk events activate warning protocols
and speed control measures, and high-risk
events initiate emergency responses, including
automatic braking, train halting commands,
and real-time alerts to control centers. A
centralized dashboard provides railway
authorities with visual analytics, real-time
alerts, geographic mapping of threats, and
system health monitoring.

The system is fully integrated with railway
control  infrastructure  through  secure
communication protocols, enabling seamless
coordination between monitoring systems,
signaling systems, and operational control
units. Data logging and analytics modules
support performance evaluation, system
optimization, and regulatory compliance.

4. Results and Performance Evaluation

This section presents the experimental results
and performance analysis of the proposed
Smart Railway Track Obstacle Monitoring
System with Intent-Based Risk
Classification. The evaluation is structured
into three key result dimensions: (i) Obstacle
Detection Performance, (i1) Intent
Classification Accuracy and Reliability, and
(ii1) Risk Assessment and Operational Impact.
Each subsection includes both qualitative and
quantitative analysis supported by tabular
results.

4.1 Obstacle Detection Performance
Analysis

The first phase of evaluation focused on
measuring the effectiveness of the Al-based
obstacle detection module wunder diverse
operational and environmental conditions. The
system was tested using multi-source datasets
containing real-world railway scenarios,
including day/night conditions, rain, fog,
crowded urban tracks, rural open tracks, and
forested railway zones. The deep learning
detection model demonstrated high robustness
across visual, infrared, and vibration-based
sensing modalities.

Performance was evaluated using standard
metrics including accuracy, precision, recall,
Fl-score, and detection latency. The model
consistently achieved high detection reliability
even in low-visibility conditions due to
multimodal sensor fusion and edge-based
preprocessing. Edge computing significantly
reduced processing delay, enabling real-time
inference and fast response generation.
Compared to conventional vision-only
systems, the proposed multimodal approach
reduced false positives caused by shadows,
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reflections, weather effects, and background The system achieved high classification

clutter.

The integration of vibration and IR sensors
enhanced the detection of non-visual obstacles
such as underground movements, landslides,
and night-time animal crossings. The system
also showed strong performance in detecting
small and partially occluded objects, which are
often missed by traditional surveillance
systems. Real-time edge processing ensured
that detection alerts were generated within
milliseconds, meeting the strict latency
requirements of railway safety operations.
These results confirm that the proposed system
achieves reliable, fast, and accurate obstacle
detection in complex real-world railway
environments, forming a strong foundation for
higher-level intent classification and risk

accuracy across all intent categories. Natural
events such as landslides, animal crossings,
and fallen trees were accurately distinguished
from accidental and malicious events due to
their ~unique temporal dynamics and
environmental signatures. Accidental
obstacles, such as stalled wvehicles and
construction debris, were identified using
static  object analysis combined with
contextual cues such as location and
infrastructure proximity. Malicious activities,
including deliberate obstruction and sabotage-
like patterns, were detected with high
confidlence due to anomalous behavior
detection and pattern irregularities.

The use of attention-based feature fusion
significantly improved classification reliability
by prioritizing relevant spatial and temporal
features. Continuous learning mechanisms
allowed the model to adapt to new patterns
over time, improving long-term performance
stability. Compared to traditional classification
methods, the proposed intent-based model
reduced misclassification rates and
significantly improved interpretability for
decision-making systems.

This intelligent classification capability
enables the system to move beyond basic
detection toward semantic understanding,
which is essential for intelligent risk
prioritization and operational decision-making.
Table 3: Intent Classification Performance

modeling.
Table 2: Obstacle Detection Performance
Metrics

Metric Proposed | Conventional
System Vision System

Accuracy 98.9 92.4

(%)

Precision 99.1 91.7

(%)

Recall (%) 98.6 90.9

F1-Score 98.8 91.3

(%)

Detection 45 ms 180 ms

Latency

(ms)

False Alarm | 1.2 6.8

Rate (%)

4.2 Intent Classification Accuracy and
Reliability

The second evaluation phase analyzed the
performance of the intent-based classification
module, which categorizes detected obstacles
into natural, accidental, and malicious classes.
Unlike traditional systems that focus only on
object type, this module evaluates behavioral
patterns, spatial-temporal features, vibration
signatures, and contextual information to infer
intent.

Intent | Accur | Precis | Rec | Misclassifi
Type acy ion all | cation
(%) (%) (%) | Rate (%)

Natura | 98.2 98.5 979 | 1.8
|

Accide | 97.6 97.9 972 | 2.4
ntal

Malici | 99.1 99.3 98.9 1 0.9
ous

Overa | 98.3 98.6 98.0 | 1.7
1l

4.3 Risk Assessment Effectiveness and
Operational Impact
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The final evaluation stage assessed the
effectiveness of the risk assessment and
decision-support framework in real
operational scenarios. The system’s ability to
assign correct risk levels (low, medium, high)
and trigger appropriate responses was
analyzed under simulated and real-time
conditions.

The hybrid risk model demonstrated high
consistency in risk scoring by combining
intent  classification, obstacle severity,
environmental context, train speed, and spatial
proximity. Low-risk events such as small
animals or minor debris were correctly
classified and triggered monitoring alerts
without unnecessary train stoppages. Medium-
risk events activated speed control and
warning protocols, while high-risk events such
as landslides, sabotage patterns, and large
obstructions triggered automatic emergency
responses.

Operational simulations showed a significant
reduction in unnecessary emergency braking
and false alarms compared to traditional
detection-only  systems. The intelligent
prioritization mechanism improved response
efficiency, reduced operational delays, and
enhanced passenger safety. Control center
operators reported improved situational
awareness through the centralized dashboard,
which provided real-time visualization, risk
mapping, and decision recommendations.

Table 3: Risk Assessment and Response

Track Accide | Medi | Warnin | 97.5
debris | ntal um g

protoco
1

Track Malicio | High | Emerge | 99.3

obstruct | us ncy halt
ion + alert
Sabotag | Malicio | High | Emerge | 99.6
€ us ncy +
pattern security

alert

Effectiveness
Event | Intent | Risk | System | Respo
Type Level | Respon | nse
se Accur
acy
(%)
Animal | Natural | Low | Monito | 99.0
crossin ring
g alert
Fallen | Natural | High | Emerge | 98.7
tree ncy
stop
Stalled | Accide | Medi | Speed 97.9
vehicle | ntal um control

The system also improved overall network
resilience by enabling predictive safety
management rather than reactive accident
handling. This demonstrates the practical value
of integrating intent-aware intelligence into
railway safety infrastructures.

Figure 2: Railway Obstacle Risk Levels and
Response Accuracy

5. Conclusion

This research presents a comprehensive Smart
Railway Track Obstacle Monitoring System
with Intent-Based Risk Classification that
integrates multimodal sensing, Artificial
Intelligence, IoT, and edge computing to
enhance railway safety and operational
efficiency. Unlike conventional systems that
focus only on obstacle detection, the proposed
framework introduces intelligent intent
classification and dynamic risk assessment,
enabling contextual understanding of threats as
natural, accidental, or malicious. The
experimental  results demonstrate  high
accuracy in detection, reliable intent
classification, and effective risk-based
decision-making, significantly reducing false
alarms and response latency. The system’s
ability to assign adaptive risk levels and
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