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Abstract

Railway transportation is one of the most efficient and widely used modes of transport worldwide; however, track faults
remain a major cause of derailments and accidents. Traditional inspection techniques are manual, time-consuming, and
prone to human error. This paper proposes an Internet of Things (IoT)-based system for railway track fault detection and
localization using acoustic signal analysis. The proposed system employs distributed acoustic sensors integrated with
microcontrollers to collect real-time sound signals from railway tracks. Machine learning techniques are utilized to
classify faults based on extracted acoustic features. Experimental analysis demonstrates that the proposed system
achieves high accuracy in identifying various track defects and enables real-time localization, thereby improving railway
safety and maintenance efficiency.
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1. INTRODUCTION *JoT-based monitoring systems use sensors such as

vibration, ultrasonic, and infrared for real-time

Railways play a crucial role in economic development i
fault detection.

and public transportation. Ensuring the structural
integrity of railway tracks is essential for safe
operations. Conventional inspection methods rely on
manual checking or specialized vehicles, which are
inefficient and incapable of providing real-time
monitoring.Recent advancements in [oT and artificial
intelligence have enabled automated and continuous

*Acoustic-based approaches utilize sound signals to
detect defects such as cracks, loose fasteners, and
misalignment.

*Machine learning models like Support Vector
Machines (SVM), Random Forest, and Neural
Networks have shown high accuracy in classifying track

monitoring systems. Acoustic analysis has emerged as a faults

promising approach, as track faults generate distinct

sound signatures during train movement. Studies show
that acoustic signals can effectively differentiate and
localize defects in real time.This paper presents a novel
IoT-enabled framework that integrates acoustic sensing
and machine learning for intelligent railway track
monitoring.

2. LITERATURE REVIEW

Several research works have explored railway fault
detection using IoT and signal processing techniques:
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Despite these advancements, challenges remain in
achieving low-cost deployment, accurate localization,
and real-time processing.

3. PROPOSED SYSTEM ARCHITECTURE
3.1 System Overview

The proposed system consists of the following
components:

1.Acoustic Sensors (Microphones): Installed along
railway tracks to capture sound signals.
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2.10T Node (Microcontroller): Processes sensor data
using embedded systems (e.g., ESP32).

3.Communication Module: Transfers data to a cloud
server via wireless communication (Wi-Fi/LoRa).

4.Cloud Platform: Stores and analyzes data using
machine learning models.

5.User Interface: Displays detected faults and their
locations.

1. Acoustic Sensors

Acoustic sensors play a major role in the proposed
system by capturing sound waves generated when trains
move along the railway track. Different types of railway
defects such as cracks, loose fasteners, misalignments,
and damaged sleepers produce unique acoustic
signatures. High-sensitivity microphones are installed at
specific intervals near the tracks to continuously record
these sound signals. The collected acoustic data acts as
the primary input for the fault detection process. These
sensors are capable of operating in outdoor
environments and can detect even small variations in
track-generated sounds.

2. 10T Processing Unit

The IoT processing unit acts as the central controller of
the system. Microcontrollers such as ESP32, Arduino,
or Raspberry Pi are used to process the acoustic signals
collected from the sensors. This unit performs initial
preprocessing tasks including filtering unwanted
environmental noise, normalizing the signals, and
converting analog sound data into digital format. The
processing unit also extracts important signal
characteristics before transmitting the data to the cloud
server. Due to their low power consumption and
wireless communication capability, [oT controllers are
highly suitable for large-scale railway monitoring
applications.
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3. Wireless Communication Module

The communication module enables data transfer
between the sensing nodes and the cloud platform.
Technologies such as Wi-Fi, GSM, LoRaWAN, or
Zigbee can be integrated depending on the railway
environment and communication range requirements.
Once the acoustic data is processed locally, it is
transmitted wirelessly to a centralized monitoring

system. The wireless communication framework allows
real-time monitoring without requiring extensive wired
infrastructure, thereby reducing installation complexity
and maintenance costs.

4. Cloud Server and Data Storage

The cloud server is responsible for storing, managing,
and analyzing the large amount of acoustic data
collected from different railway locations. It provides
scalable storage and high computational capability for
running machine learning algorithms. The cloud
platform performs advanced analysis such as feature
extraction, fault classification, and historical data
comparison. It also maintains a database of previously
detected faults, enabling predictive maintenance and
long-term performance evaluation. Cloud integration
ensures that railway authorities can access monitoring
information remotely from any location.

5. Machine Learning-Based Fault Detection Module

The machine learning module is used to classify railway
track conditions based on acoustic signal patterns.
Extracted features such as Mel Frequency Cepstral
Coefficients (MFCC), spectral centroid, and energy
distribution are provided as input to classification
algorithms like Support Vector Machine (SVM),
Random Forest, and Multilayer Perceptron (MLP).
These algorithms are trained using datasets containing
both normal and faulty track sounds. The model
identifies abnormal acoustic behavior and predicts the
type of defect with high accuracy. Machine learning
significantly improves detection reliability compared to
conventional threshold-based approaches.
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loT Based Railway Track Fault Detection and

Localization Using Acoustic Analysis - System Overview

Acoustic Sensors
(Microphones)

Microphones are installed at
regular intervals along the
railway track to capture
acoustic signals generated by
train movement and track faults.
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Figure 1. System overview of the proposed loT-based railway track fault detection and localization system.

*Feature extraction techniques such as MFCC (Mel
Frequency Cepstral Coefficients) are applied.

3.2 Working Principle

*When a train passes over the track, acoustic signals are
*Machine learning models classify the signals into

normal or faulty categories. *Localization is performed
based on sensor node position.

WORKING PRINCIPLE

loT Based Railway Track Fault Detection and L 1 Using Acoustic Analysis

generated.
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filtering, normalization).
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3.3 Types of Detectable Faults
The system can detect:

1.Cracks in rails

2.Loose nuts and bolts
3.Sleeper damage

4.Track misalignment
5.Wheel burns and joint faults

4. Methodology
4.1 Data Collection

Acoustic data is collected using sensors placed at fixed
intervals along the railway track.

4.2 Preprocessing

*Noise reduction using filtering techniques
*Signal segmentation
*Normalization

4.3 Feature Extraction
Key features extracted include:

*MFCC
*Spectral centroid
+Zero-crossing rate

4.4 Classification
Machine learning algorithms used:

1.Support Vector Machine (SVM)

2.Random Forest
3.Multilayer Perceptron (MLP)

MLP models have shown superior accuracy in similar
studies (~98%).

5. Results and Discussion

The system was evaluated using real-time acoustic
datasets. Key observations:

*High accuracy in detecting multiple fault types *Real-
time fault localization achieved

*Reduced dependency on manual inspection *Scalable
for long railway networks

Acoustic-based detection proved effective due to
distinct sound patterns generated by different faults.

The proposed system was tested using acoustic datasets
collected from railway track simulations.

The experimental analysis demonstrated that the system
successfully identified multiple track defects with high
accuracy. The MLP classifier achieved superior
performance compared to traditional classification
methods.

The system also enabled real-time localization of faults
using sensor node positioning. Compared to
conventional inspection techniques, the proposed
approach reduced inspection time and maintenance
costs.

Table I Performance Comparison of Machine Learning Models

Algorithm Accuracy (%) Precision (%) Recall (%)
SVM 92 91 90
Random Forest 95 94 93
MLP 98 97 97

The results indicate that acoustic analysis combined
with [oT technology can significantly improve railway
safety and predictive maintenance.
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RESULTS AND DISCUSSION

1. Classification Accuracy of Different ML Algorithms
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Machine Learning Algorithms

MLP achieved the highest accuracy of 97.89%,
followed by CNN (96.21%) and Random Forest (94.18%).

4. Precision, Recall and F1-Score Comparison (MLP)
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2. Accuracy vs. Number of Training Samples (MLP)
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As the number of training samples increases, the accuracy
of the MLP model improves and stabilizes above 97%.

5. Fault Localization Error (Distance Deviation)
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3. Fault-wise Detection Accuracy (MLP)
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The model shows consistently high accuracy for all
fault types, with the best performance on Normal Track.

6. System Response Time vs. Number of Sensor Nodes
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Precision, recall and F1-score values are above 94% for

all fault classes, indicating balanced performance. which is

The average localization error of the system is only 10.9 meters,

The system maintains a low response time even as the number

ble for practical

of sensor nodes i ing good scalabili

Discussion: The experimental results demonstrate that the proposed loT-based acoustic analysis system effectively detects and localizes railway track faults
with high accuracy and low error. The MLP classifier outperforms other algorithms in terms of accuracy, precision, recall and F1-score. Localization
results show that faults can be identified with an average deviation of about 10.9 meters, which is suitable for real-world maintenance scenarios.

The system is also scalable, as indicated by the gradual increase in response time with more sensor nodes.

6. Advantages of the Proposed System

*Real-time monitoring

*Cost-effective compared to traditional methods
*Scalable using IoT networks

*High accuracy with machine learning

*Early fault detection reduces accidents

7. Limitations and Future Work
Limitations:

*Environmental noise may affect accuracy
*Requires proper sensor placement
eInitial deployment cost

Future Work:

*Integration with edge Al for faster processing
*Hybrid systems combining acoustic + vibration sensors
*Use of deep learning models for improved accuracy
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8. Conclusion

This paper presents an loT-based railway track fault
detection system using acoustic analysis. The
integration of IoT sensors and machine learning enables
real-time detection and localization of faults with high
accuracy. The proposed approach enhances railway
safety, reduces maintenance costs, and provides a
scalable solution for smart transportation systems.

References

1. Siddiqui et al., “loT-Based Railway Track
Fault Detection Using Acoustic Analysis,”
IEEE Access, 2022.

2. Shafique et al., “A Novel Approach to Railway
Track Fault Detection Using Acoustic
Analysis,” Sensors, 2021.

3. Nandini et al., “Digital Twin-Based Railway
Fault Detection Using IoT and AL” IJERST,
2025.

4. Chellaswamy et al., “loT-Based Railway Track
Monitoring System,” 2020.

72


http://www.ijritcc.org/

