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Abstract: Railway track crack detection is a critical aspect of railway infrastructure maintenance, aimed at ensuring passenger and
freight safety and preventing potential accidents. The railway department is implementing several creative approaches to improve
the efficiency of the inspection procedure. Various technologies, such as the Computer Vision-Based method, have been
investigated in the past to detect defects on rail surfaces, but complete automation is still a long way off. Few countries utilize Deep
Learning algorithms to monitor and manage the condition of train rails. This project presents a Fault detection system based on
machine learning, computer vision and Image Classification based techniques to automate the process of detecting cracks in railway
tracks. The methodology involves Transfer Learning using VGG19 and the collection of a diverse dataset of annotated railway track
images, including both defective (cracked) and non-defective (crack-free) samples. The Images are pre-processed using various
pre-processing techniques and then Machine learning algorithms are applied to train a model on this pre-processed dataset, enabling
it to distinguish between defective and non-defective tracks. The proposed system offers several advantages, including early
detection of cracks, reduced maintenance costs, and improved safety measures. By automating the crack detection process, the
system minimizes the need for manual inspections and enables timely maintenance actions. The results demonstrate the
effectiveness of the fault detection system in accurately identifying cracks on railway tracks, thereby contributing to enhanced
railway safety and efficient maintenance practices. The results later are compared with RESNET50 and GoogleNet models, to
understand which model gives more accurate results. The successful implementation of this system can lead to significant
improvements in railway infrastructure management and overall transportation safety.

IndexTerms - Computer Vision, Transfer Learning, Machine Learning, Image Processing, Image Classification.

1. INTRODUCTION
Railway tracks are an important aspect of transportation infrastructure because they allow passengers and goods to travel across
great distances. It is vital to assure railway line safety and dependability in order to reduce accidents and disruptions in the
transportation network. Cracks pose a serious threat to railway track integrity because they can cause track failures, which can result
in disastrous accidents. Early detection and repair of these cracks is crucial for preventing further damage and decreasing
maintenance costs.
In recent years, the application of artificial intelligence (Al) and machine learning (ML) techniques has gained significant traction
in enhancing safety and reliability across various modes of transportation, with a particular focus on railway systems. The
integration of data-driven frameworks and advanced algorithms has led to the development of innovative methodologies for fault
detection, failure diagnosis, and overall safety assessment within the railway domain. The demand for better reliability and safety
standards emphasizes the necessity of condition monitoring and failure identification in railway systems. Traditional methodologies
frequently fail to handle the complications imposed by non-stationary and non-linear signals, necessitating the investigation of
innovative strategies. This introduction synthesizes findings from 15 research articles on the application of Al, ML, and data-driven
frameworks in the railway sector, covering topics such as fault diagnosis, defect identification, track safety, and overall safety
evaluation.
e Fault Diagnosis and Condition Monitoring:
Several studies have been conducted in the field of fault diagnosis and condition monitoring. Using Empirical Mode
Decomposition (EMD) and Neighborhood Component Analysis (NCA), (Tucci, 2023)present a data-driven approach for failure
identification in compressors subjected to surge occurrences. Their methodology, which has been confirmed using real-world
data, exhibits great accuracy, providing practitioners with a dependable tool for asset appraisal and maintenance planning.

(Zeng, 2019)present FaultNet, a system that detects defective rail valves using deep learning and computer vision. This approach
uses deep learning capabilities to improve defect identification accuracy, overcoming the constraints of manual inspections and
older methods.
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(Wang, 2022)undertakes a comprehensive assessment of the literature on Al applications in railway systems, providing insights
into many subdomains such as maintenance, safety, autonomous driving, and traffic management. The review identifies the
existing state-of-the-art and emphasizes the potential of artificial intelligence in tackling railway difficulties.

o Defect Detection in Railway Tracks:
(Pandit, 2023)use object detection techniques to detect defects in railway rails. Their research compares the performance of
YOLOV5, Faster RCNN, and EfficientDet on a dataset with faulty and non-faulty elements. The findings shed light on the merits
and shortcomings of these data-driven strategies for railway track safety.

¢ Railway Track Health Monitoring
(Wei, 2020)use image processing and an enhanced YOLOV3 model to identify multi-target defects in railway track lines. Their
system, which incorporates cutting-edge techniques such as variance projection and wavelet transform, demonstrates great
detection accuracy and efficiency for multi-target defect detection.

e Vibration Signal Analysis for Axle Health:
(Garcia}, 2023)offer a real-time fracture diagnosis system for railway axles based on sophisticated 2D-Convolutional Neural
Network (CNN) architectures applied to time-frequency vibration signal representations. The paper adds a differential CNN
structure, which improves the model’s ability to generalize across mechanical sets and situations, paving the way for efficient
real-time detection of railway axle health.

¢ Fault Diagnosis in Traction Motors:
(Mao, 2021)use discrete wavelet transform (DWT) and an enhanced deep belief network (DBN) to diagnose faults in the bearing
of traction motors in high-speed trains. Their technology, which involves the analysis of vibration signals, outperforms standard
methods such as backpropagation neural network (BPNN) and support vector machine (SVM).

e Acoustic Analysis for Track Faults Detection:
(Shafique, 2021)describe a novel method for detecting railway track defects using sound analysis. The study collects acoustic
data from Pakistan railway lines and utilizes multiple machine learning techniques to detect various track issues with high
accuracy.

e Intelligent Railway Systems and Active Safety:
(Jia, 2022)investigate active safety techniques for intelligent railway systems, focusing on the integration of cyber-physical
systems, data-driven models, and intelligent computing. The study delves into the evolution of active safety technologies and
their applications in the safety of intelligent railway systems.

e Ensemble Learning for Fault Diagnosis:
(Jaber, 2024)undertakes a literature review on ensemble learning-based fault identification, summarizing research efforts and
approaches. The review covers 78 distinct ensemble learning-based fault diagnostic approaches, giving a thorough overview of
the state-of-the-art in this sector.

¢ Intermodal Safety Analysis:
(Gelder}, 2023)widen the scope by exploring the utility of artificial intelligence for safety assessment across various modes of
transportation. The study examines machine learning and artificial intelligence (Al) approaches used in road, rail, maritime, and
aviation transportation, highlighting common practices and efficient procedures applicable across varied transportation systems.

¢ Risk Assessment in Railway Systems:
(Leitner, 2017)is interested in creating risk assessment models for railway systems based on accident scenarios. The study
incorporates several safety methodologies, such as fault tree analysis (FTA) and event tree analysis (ETA), to estimate the
frequency of hazardous events and the risk of accidents in the Slovak railway system.

e Temporal Evolution of Al in Safety Applications:
A systematic bibliometric examination of machine learning and deep learning for safety applications is provided by (Carlo},
2024)). The research looks into the intellectual structure and temporal evolution of research in this field, offering light on
emerging trends and emphasizing the growing popularity of deep learning methodologies.

1.1. MOTIVATION.

A rail track fault detection system is a vital component of today’s railway industry, and its deployment is critical for a variety of
compelling reasons. The goal of developing and deploying such a system is to increase the safety, efficiency, and dependability of
the railway, which is an important mode of transportation and trade in today’s world. The safety of countless passengers and railway
employees is dependent on it. Railways cover long distances, often across challenging terrain and in different weather conditions.
Accidents and derailments are a persistent hazard caused by undetected rail faults. We want to reduce this risk by implementing a
rail fault detection system. It detects possible risks such as broken rails, track misalignments, and obstacles, allowing for rapid
action and reducing the risk of disastrous incidents. Investing in rail fault detection systems is motivated by both efficiency and
cost-effectiveness. Time is money in the railway sector, and any service disruption or unplanned maintenance can have far-reaching
economic consequences. Railways may plan maintenance and repairs during non-peak hours by deploying a system that continually
analyzes track conditions and finds issues in real time. This reduces downtime and optimizes operational efficiency. This technique
eventually saves money by avoiding unexpected infrastructure damage and costly emergency repairs. Furthermore, technology
advances in parallel with the world we live in. Rail defect detection system’s capabilities are expanding as sensor technologies,
artificial intelligence, and data analytics progress. They give priceless data for predictive maintenance, enabling proactive decision
making and resource allocation. The desire to create and improve these technologies arises from the realization that their deployment
can usher in a new age of railway safety, efficiency, and sustainability.

The Ethical Considerations that must be taken care of are as follows:
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1. Reliability and accuracy: Ensure that the image classification model detects problems accurately and reliably. Inaccuracy may
result in unnecessary maintenance or, more importantly, inability to detect actual defects.

2. Transparency: Create transparency in the system by fully defining how the picture categorization model works, what data it
needs, and how choices are made. Transparency fosters trust and assists users in understanding the system’s limitations.

3. Privacy: Respect privacy concerns by anonymizing and protecting any personal data utilized in the system’s development or
implementation. Ensure that privacy rights are maintained if cameras are used to capture images.

4. Data Bias: Be aware of potential biases in the training data that could lead to biased outcomes. Make an attempt to train the
model using broad and representative datasets, and routinely analyse and address bias during development.

5. Accountability: Clearly and identify duties for the system’s development, implementation, and maintenance. Create
accountability procedures in the event of errors or unforeseen consequences.

6. User Consent: Obtain informed consent from users or stakeholders who are involved in the acquisition of photographs or data.
Explain the purpose of data gathering and how it will be used.

Finally, the motivation for a rail fault detection system is based on the core values of safety, efficiency, and technical advancement.

By prioritizing the development and deployment of such technologies, we not only protect human lives but also enable the railway

sector to operate at its full capacity, providing dependable and cost-effective transportation services to people and commodities all

over the world. It demonstrates our dedication to innovation, growth, and the overall well-being of society.

1.2. PROBLEM STATEMENT
Indian Railway operations rely heavily on the detection of rail track faults to ensure safety and efficiency. To guarantee safety and
efficiency, Indian Railway operations rely largely on the detection of rail track problems. It is essential to detect these faults as early
as possible in order to save money, avoid more damage, and avoid maintenance or repair. Traditional railway track inspection
procedures, which are time-consuming and reliant on manual labor, can be enhanced with Al-based solutions. Track defects are
quickly discovered and classified using Al algorithms, allowing for timely maintenance and accident prevention.

1.3. OBJECTIVES
1. Develop a robust machine learning model capable of automatically detecting cracks in railway tracks using image data.
2. Implement a near-to-real-time crack detection system that can efficiently process large volumes of track images to identify
defects promptly.
Explore the possibility of extending the system to detect other track defects, such as miss-alignments, fractures, or loose
components, to provide a more comprehensive track health assessment.
2. LITERATURE SURVEY
Convolutional Neural Networks, or CNNs, are a type of neural network architecture that uses a grid-like topology to process input.
This makes them particularly well-suited for dealing with spatial and temporal data, such as photos and videos, which have a high
degree of correlation between neighboring elements. CNNs are comparable to other neural networks, but they have an added layer
of complexity due to the usage of convolutional layers. Convolutional layers apply a mathematical operation called convolution,
which is a type of specialized matrix multiplication, on the input data. By learning image properties from small squares of input
data, the convolution technique helps to preserve the spatial relationship between pixels. The illustration below depicts a typical
CNN-Architecture.

Convolutional Pooling
Layer Layer Fully Connected
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Input Layer Output
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Figure 2 CNN architecture

2.1. Survey on CNN

Convolutional layers:

Convolutional layers work by dragging a series of filters’ or ‘kernels’ across the input data. Each filter is intended to detect a
certain characteristic or pattern, such as edges, corners, or, in the case of deeper layers, more complicated structures. As these filters
traverse across the image, they build a map indicating the locations of those features. The convolutional layer produces a feature
map, which is a representation of the input image after the filters have been applied. Convolutional layers can be stacked to build
increasingly complicated models capable of learning more intricate information from photos. Simply put, convolutional layers are
in charge of extracting features from input images. Edges, corners, textures, and more complicated patterns are examples of these
features.
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Pooling layers:

Pooling layers are used after convolutional layers to minimize the spatial dimension of the input, making it easier to process and
needing less memory. The width and height of a picture are referred to as its "spatial dimensions” in the context of images. An
image is made up of pixels, which can be thought of as rows and columns of tiny squares (pixels). Pooling layers assist minimize
the number of parameters or weights in the network by lowering the spatial dimensionality. This helps to combat overfitting and
train the model quickly. Max pooling reduces computational cost by lowering the size of the feature map and making the model
insensitive to tiny transitions. Without max pooling, the network would not be able to distinguish features even minor shifts or
rotations. This would make the model less resistant to changes in object location within the image, potentially reducing accuracy.

Pooling is classified into two types: maximum pooling and average pooling. Max pooling extracts the greatest value from each
feature map. For example, if the pooling window size is 22, the pixel with the highest value in the 22 region will be chosen. The
most prominent feature or trait within the pooling window is efficiently captured by max pooling. Average pooling takes the average
of all values within the pooling window and calculates it. It represents features in a smooth, average manner.

Fully connected layers:

One of the most fundamental types of layers in a convolutional neural network (CNN) is fully-connected layers. Each neuron in a
fully-connected layer is fully connected- to every other neuron in the previous layer, as the name implies. Fully connected layers
are generally employed near the conclusion of a CNN when the goal is to use the features learnt by the convolutional and max
pooling layers to produce predictions.

Labeling the input after classification. For example, if we were using a CNN to categorize animal photographs, the final Fully
connected layer might use the information learnt by the preceding layers to classify an image as containing a dog, cat, bird, and so
on.

Fully connected layers compress the previous convolutional and pooling layers’ high-dimensional output into a one-dimensional
vector. Instead of evaluating localized features, this allows the network to mix and integrate all of the retrieved information
throughout the entire image. It aids in comprehending the image’s overall context. In classification tasks, the fully linked layers are
in charge of transferring the integrated features to the desired output, such as class labels. They serve as the network’s final decision-
making component, determining what the extracted features signify in the context of the current challenge (for example, recognizing
a cat or a dog). A feature hierarchy is created by combining a Convolution layer, a Max-pooling layer, and then related sets. The
initial layer recognizes simple patterns, which are then built upon by subsequent layers to detect more complex patterns.

CNN:s are frequently used for image recognition and categorization. CNNs, for example, can be used to detect objects in images or
to classify images as cat or dog. CNNs can also be used for more complicated tasks like creating picture descriptions or finding
points of interest in images. CNNs may handle time-series data, such as audio or text data, in addition to image data, while other
types of networks, such as Recurrent Neural Networks (RNNSs) or transformers, are frequently favored for these cases. CNNs are a
strong deep learning method that has been utilized to achieve cutting-edge results in a variety of applications.

2.2. Survey on Different types of CNN Architectures

1. LeNet: The first CNN architecture is LeNet. Yann LeCun, Corinna Cortes, and Christopher Burges created it in 1998 to solve
handwritten digit recognition challenges. LeNet, one of the earliest effective CNNSs, is sometimes referred to be the "Hello
World" of deep learning. It is one of the first and most extensively used CNN architectures, and it has been applied successfully
to tasks such as handwritten digit recognition. The LeNet architecture is made up of several convolutional and pooling layers,
which are followed by a fully-connected layer. Five convolution layers are followed by two fully connected layers in the
model. LeNet was the first deep learning CNN for computer vision issues. However, due to the vanishing slopes issue, LeNet
was unable to train adequately. To address this issue, a shortcut connection layer known as max-pooling is employed between
convolutional layers to reduce image spatial size, hence preventing overfitting and allowing CNNs to train more successfully.
The architecture of LeNet-5 is depicted in the diagram below.
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Figure 2.1 LeNet architecture
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The LeNet CNN is a basic yet powerful model that has been utilized for handwritten digit recognition, traffic sign recognition,
and face detection. Despite the fact that LeNet was created more than 20 years ago, its architecture is still relevant and used
today.

2. AlexNet: AlexNet is the deep learning architecture that made CNN popular. Alex Krizhevsky, Ilya Sutskever, and Geoff
Hinton created it. AlexNet’s network architecture was quite similar to LeNet’s, but it was deeper, larger, and had Convolutional
Layers piled on top of each other. AlexNet was the first large-scale CNN, and it helped ImageNet win the Large-Scale Visual
Recognition Challenge (ILSVRC) in 2012. The AlexNet architecture was created to work with large-scale image datasets, and
it produced cutting-edge results at the time of its release. AlexNet is made up of 5 convolutional layers that include max-
pooling layers, fully connected layers, and dropout layers. Relu is the activation function utilized in all levels. Softmax is the
activation function utilized in the output layer. This architecture contains around 60 million parameters.
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Figure 2.2 AlexNet architecture

3. ZF NET: ZFnet isa CNN architecture that combines fully-connected layers and CNNs. Matthew Zeiler and Rob Fergus created
ZF Net. It was the ILSVRC 2013 champion. Despite having fewer parameters than AlexNet, the network outperforms it on
the ILSVRC 2012 classification test, obtaining top accuracy with only 1000 photos per class. It improved on AlexNet by
adjusting the architectural hyperparameters, namely by increasing the size of the middle convolutional layers and decreasing
the stride and filter size on the first layer. Its foundation is the Zeiler and Fergus model, which was trained on the ImageNet
dataset. The ZF Net CNN architecture is made up of seven layers: Convolutional layer, max-pooling layer (downscaling),
concatenation layer, convolutional layer with linear activation function, and stride one applied before the completely connected
output. By introducing an approximate inference stage using deconvolutional layers in the middle of CNNs, this CNN model
is computationally more efficient than AlexNet.

4. GoogLeNet: Google’s CNN architecture, GooglLeNet, was used to win the ILSVRC 2014 classification problem. Jeff Dean,
Christian Szegedy, Alexandro Szegedy, and others created it. It has been found to have a significantly lower error rate than
previous winners AlexNet (llsvrc 2012 winner) and ZF-Net (llsvrc 2013 winner). The mistake rate is much lower than that of
VGG (the 2014 runner-up). It achieves deeper architecture through the use of a variety of techniques, including 11 convolution
and global average pooling. The GoogleNet CNN design is computationally costly. It employs heavy unpooling layers on top
of CNNs to minimize spatial redundancy during training, as well as shortcut connections between the first two convolutional
layers before adding additional filters in later CNN layers, to reduce the number of parameters that must be learned. Street
View House Number (SVHN) digit recognition task, which is frequently used as a proxy for roadside object detection, is one
of the real-world applications/examples of GoogLeNet CNN architecture. The following is a simplified block diagram of the
GooglLeNet CNN architecture:
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Figure 2.3 GoogLeNet architecture

5. VGGNet: VGGNet is the CNN architecture created at Oxford University by Karen Simonyan, Andrew Zisserman, and others.

VGGNEet is a 16-layer CNN that has been trained on over one billion pictures (1000 classes) and has up to 95 million
parameters. It can handle huge input images of 224 by 224 pixels and has 4096 convolutional features. CNNs with such big
filters are expensive to train and require a significant amount of data, which is why CNN architectures like GoogLeNet
(AlexNet architecture) outperform VGGNet for most image classification tasks with input images ranging in size from 100 x
100 pixels to 350 x 350 pixels. The ILSVRC 2014 classification challenge, which was also won by GoogleNet CNN
architecture, is one of the real-world applications/examples of VGGNet CNN architecture. Because of its adaptability for a
variety of tasks, including object detection, the VGG CNN model is computationally economical and serves as a good baseline
for many applications in computer vision. Its deep feature representations are employed in a variety of neural network
architectures, including YOLO, SSD, and others. The following figure depicts the conventional VGG16 network architecture:
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Figure 2.4 VGGNet architecture

6. ResNet: Kaiming He et al. created the ResNet CNN architecture, which helped them win the ILSVRC 2015 classification

IJNRD2311265 |

assignment with a top-five error of only 15.43%. The network includes 152 layers and over one million parameters, which is
considered deep even for CNNs because training the network using the ILSVRC 2015 dataset would have taken more than 40
days on 32 GPUs. CNNs are typically used for image classification tasks with 1000 classes, but ResNet demonstrates that
CNNs can also be successfully used to solve natural language processing problems such as sentence completion or machine
comprehension, where it was used by the Microsoft Research Asia team in 2016 and 2017. Real-world applications and
examples of ResNet CNN architecture include Microsoft’s machine comprehension system, which has used CNNs to generate
responses to over 100k questions across 20 categories. ResNet is a computationally efficient CNN design that can be scaled
up or down to match the computing capacity of GPUs.

. MobileNets: MobileNets are CNNSs that can be loaded onto a mobile device and used to classify photos or detect objects with
low latency. Andrew G Trillion and colleagues invented MobileNets. They are often relatively tiny CNN architectures that
can be executed in real-time on embedded devices such as cellphones and drones. The architecture is very adaptable, since it
has been tested on CNNs with 100-300 layers and outperforms other architectures such as VGGNet. CNNs embedded into
Android phones to run Google’s Mobile Vision API, which can automatically recognize labels of popular objects in photos,
are real-world examples of MobileNets CNN architecture.
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Table 2.1 CNN analysis

Sr. No Architecture Year Key Features Use Case
CNNSs were used for the first
time successfully, using 5 Handwritten and
1 LeNet 1998 layers (al_ternatlng between machine-printed
convolutional and pooling) characters
and tanh/sigmoid activation recognition.
functions.
Deeper and wider than
LeNet, ReL U activation Image
2 AlexNet 2012 function used recognition
Dropout layers were challenges on a
implemented, and GPUs large scale
were used for training.
Identical to AlexNet, but
featuring various filter sizes Image
3 ZFNet 2013 and numbers of filters, as nage
A Classification
well as visualization tools
for interpreting the network.
The deeper networks
possess smaller filters (3X3)
and all convolutional layers Imgge
4 VGGNet 2014 recognition on
have the same depth. There large scale
are other configurations 9
(VGG16, VGG19).
Multiple configurations Large-scale
(ResNet-50, ResNet-101, i?nage
5 ResNet 2015 ResNet-152) were recognition took
developed to enable training first olace in th
of deeper networks via "skip Irst place In the
i » | 2015 ILSVRC.
connections" or "shortcuts.
Inception module
introduced, which enables Large-scale
for more efficient image
6 GooglLeNet 2014 computing and deeper recognition took
networks, with several first place in the
versions (Inception v1, v2, 2014 ILSVRC.
v3, v4).
Depth wise separable Real-time object
convolutions are used to A
. minimize model size and deteqtlon In
7 MobileNets 2017 . . mobile and
complexity in mobile and embedded vision
embedded vision S
y applications.
applications.

2.4. Survey on Railway Systems

Railway networks are the backbone of many countries’ transportation infrastructure, supporting the movement of people and
products. Despite their usefulness, railways are not without difficulties. This survey will give an in-depth examination of the
numerous challenges facing railway networks, which will be classified as operational, safety, environmental, economic, and
technological issues.

1. Operational Problems:

e Congestion: Congestion is a widespread problem in railway networks around the world. When demand for rail services
exceeds available capacity, it causes delays, operational inefficiencies, and passenger dissatisfaction. This issue is
especially prominent in cities and metropolitan areas. Railway authorities can use a variety of techniques to reduce
congestion, such as expanding railway infrastructure by adding tracks or creating new lines. Optimizing train timetables
to avoid bottlenecks, and implementing modern signaling and traffic control systems to maximize capacity utilization.

e Aging Infrastructure: Many railway systems throughout the world are dealing with aged infrastructure, which causes
maintenance issues, decreased safety, and the need for costly renovations. Infrastructure deterioration is a major issue since
it impacts not just punctuality but also safety and efficiency. Addressing aging infrastructure necessitates a concerted effort
to: invest in infrastructure renewal and modernization projects; use proactive maintenance procedures to extend asset
lifespan; and use sustainable and durable materials and building methods.

e Capacity Constraints: Capacity limits are a prevalent problem in rail networks, particularly during peak hours or on high-
demand routes. Expanding capacity can be costly and difficult logistically, but it is necessary to meet rising transportation
demands. Mitigating capacity restrictions entails: expanding infrastructure, such as adding new lines and stations;
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upgrading rolling stock to boost passenger capacity; and reducing the number of trains.Implementing demand-responsive
pricing to more equally spread travel demand throughout the day.

e Interoperability: Incompatibility across railway systems, such as different gauges, signaling standards, and communication
protocols, can impede train flow and international transportation. This is especially important in areas with many railway
operators and cross-border rail services. Obtaining interoperability entails multiple steps: Standardizing track gauges and
signaling systems, establishing legal frameworks for cross-border rail services, and promoting international collaboration
and agreements to allow smooth train travel are all examples of initiatives underway.

2. Safety Problems:

e Accidents: Railway mishaps, such as derailments, collisions, and other occurrences, endanger passengers, workers, and
the general public. These incidents can be caused by a variety of circumstances, including as human mistake, infrastructure
issues, or equipment malfunction. Improving railway safety to avoid accidents necessitates a multifaceted approach:
Regular safety inspections and rail, rolling stock, and equipment maintenance Advanced signaling and automation
technologies are being implemented to eliminate human mistake. Improved railway crew training and certification.

e Security: Railway systems must be secure since they are vulnerable to terrorist attacks, vandalism, and other security
risks. Effective security measures must be put in place to protect passengers and infrastructure. Installing monitoring
equipment at stations and along tracks is one technique to improve railway security. Conducting extensive background
checks and training for railway employees, as well as collaborating with law enforcement and intelligence organizations
to identify and mitigate security threats.

e Trespassing and Suicide: Trespassing incidents on railway tracks and suicides are serious safety concerns for railway
networks. These incidents are difficult to prevent and can have major emotional and operational consequences. Addressing
trespassing and suicide requires a multifaceted approach: Increased fence and security near railway lines,Collaboration
with mental health groups to identify and support those at risk of self-harm through public awareness campaigns and
educational activities.

3. Environmental Problems:

e Emissions: Trains release greenhouse gases that contribute to climate change, particularly those operated by diesel
engines. Many railways face difficulties in reducing emissions through electrification and other sustainable technologies.
Addressing emissions necessitates a focus on: electrifying railway lines and investing in electric rolling stock; investigating
alternate fuels and technologies, such as hydrogen-powered trains; and implementing energy-efficient operational
procedures and sustainable train designs.

e Noise Pollution: Trains, particularly in metropolitan areas, can cause severe noise pollution. To lessen the impact on
people and mitigate the harmful health impacts of noise pollution, noise abatement techniques are required. Noise pollution
can be addressed by tactics such as the construction of noise barriers and soundproofing measures. Using noise zoning and
land-use planning to keep railways away from residential areas, Creating quieter train technologies such as noise-
cancelling wheels and brake systems.

e Habitat Disruption: Railways frequently run across natural environments, causing habitat fragmentation, wildlife
mortality, and other environmental difficulties. Mitigating these consequences is critical for environmental conservation.
To address habitat disruption, wildlife crossings, underpasses, and overpasses must be built. Putting in place animal
monitoring and conservation initiatives, Developing and enforcing habitat protection regulations in collaboration with
environmental organizations and government authorities.

4. Economic Problems:

e Costs and Funding: It is expensive to maintain and develop railway networks. Balancing infrastructure upgrades,
maintenance, and operational expenses with revenue creation can be difficult. Railway operators can examine the following
options to address funding issues and control costs: public-private partnerships to secure investment for big projects,
Innovative finance techniques, including as value capture and land development around stations, as well as cost-effective
procurement procedures for infrastructure and rolling stock, are being explored.

e Competition: Other types of transportation, such as automobile and air travel, compete with railways. To remain
competitive and relevant, they must constantly change. Changes in passenger and freight volumes, as well as revenue
issues, might result from competition. Railway systems can address competition by emphasizing the particular benefits of
rail travel, such as environmental sustainability and convenience. Collaborate with different modes of transportation to
create smooth intermodal connections. To attract passengers and freight shippers, offer competitive pricing and services.

e Labor Disputes: Strikes and labor conflicts can affect railway operations, causing delays, irritation, and financial losses.
Wages, working conditions, safety concerns, and workforce reorganization may all be issues. Railway operators can reduce
labor problems by engaging in constructive labor talks and collective bargaining. Implement dispute resolution and conflict
resolution mechanisms. To lessen the likelihood of strikes, prioritize employee well-being, training, and safety.

5. Technological Problems:

o Digitalization and Cybersecurity: Railways are becoming more exposed to cyber assaults as they rely more on digital
technology for operations. It is crucial to ensure strong cybersecurity safeguards in order to secure critical infrastructure
and passenger safety. Improving digitalization and cybersecurity necessitates the use of modern cybersecurity procedures
and intrusion detection systems. Conducting frequent vulnerability assessments and penetration testing, as well as instilling
a culture of cybersecurity awareness among railway personnel.
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Innovative Technologies: Introducing and integrating new technologies, such as high-speed rail, self-driving trains, and
upgraded signaling systems, can be difficult and expensive. While these technologies have the potential to improve
efficiency and safety, they also pose new obstacles. Adopting novel technologies in the railway sector needs the following
steps: collaboration with technology providers and research institutions, extensive safety and feasibility assessments, and
implementation. Working with regulatory agencies to develop standards and recommendations for these technologies.

2.5. A Comprehensive Survey on Recent Train Accidents in India

The extensive railway network of India, which stretches over 67,000 kilometers, acts as the backbone of the country’s transportation
infrastructure. Despite its importance, India has a troubling track record of train accidents, with an average of 57 incidents per year
over the last decade. Numerous fatalities and injuries have resulted from these accidents, raising severe worries about the safety of
India’s rail system.

Recent Train Accidents in India:

On October 7, 2023, a passenger train near Vizianagaram, Andhra Pradesh, derailed, killing 14 and injuring scores more.
The accident’s cause is still being investigated.

On June 7, 2023, three trains crashed in Odisha, killing 288 people and wounding nearly 1,000. The accident was caused
by a variety of circumstances, including human error, antiquated signaling technology, and poor track maintenance.

On January 13, 2022, 12 coaches of the Bikaner-Guwahati Express derailed in West Bengal, Killing nine persons and
injuring 36. A landslide was the cause of the accident.

On November 20, 2016, the Indore-Patna Express derailed in Kanpur, Uttar Pradesh, killing at least 150 people and injuring
over 150 more. The collision was caused by a damaged rail track.

The Kalinga Utkal Express, which ran between Haridwar and Puri, derailed at Khatauli in Muzaffarnagar, Uttar Pradesh,
on August 19, 2017. There were 21 fatalities and 97 injuries among the passengers. The accident was caused by a broken

axle.

Causes:

Human error: Human mistake is the leading cause of train accidents in India. Human error can range from a train driver
failing to notice a red signal to a track maintenance worker failing to secure a rail joint properly.

Outdated infrastructure: India has one of the world’s largest railway networks, but much of it is outdated and in need of
repair. This comprises deteriorating railroad lines, signaling equipment, and rolling stock.
Poor track maintenance: In India, track maintenance is frequently ignored, resulting in issues such as damaged rails and

misaligned tracks.

Overcrowding: Trains in India are frequently packed, making evacuation difficult in the case of an accident.

2.6. Gap Analysis

Table 2.2 Gap analysis
ilg Title Author Methodology Parameters Used Gap Analysis
Track_Safe: -y | : Digital technologies, Need for further
comparative study of Pre-processing and analysis . . M L
. Marta L various sensors, investigation to optimize
data-driven . of datasets, Training and T
. Garcia A vibration signals, the automated process,
techniques for ; testing the proposed model, . -
1 . Minguell, A i acoustic analysis, The scope for
automated railway ) Verification of the object .
] Ravi . A fuzzy system-based improvement by
track fault detection . detection models, Validation . . .
g Pandit thermography incorporating multi-
using image datasets of the models. solution classification analysis
(Pandit, 2023) Y
The authors followed the Bias introduced by the
methodology proposed by selection of the sources
A literature review . Kitchenham, the main data
o Ruifan ; (Scopus and Google
of Artificial Tan source used was the Scopus Time Range, Scholar), as well as the
Intelligence g database, supplemented by Language and Lo .

2 S . Lorenzo restriction to academic
applications in Google Scholar, the authors Source, Search . ; .
railway systems De Donato initially searched for macro Criteria papers in English, which

Y sy b, et al. y . may exclude relevant
(Wang, 2022) areas by combining a AP
. . contributions in other
railway subdomain and an lanquages
Al field. guages.
. . Acquiring vibration signals
dril\jlgéi(:;tng;r:?allges Antia from full-scaled railway Limited dataset of
using accelerometer Lopez axles, preprocessing the Filters in the DFB, vibration signals,
. Galdo, data, and applying a . Proposed method may not
signals and ; . . . Size of the STFT, X .
3 : : Alejandro Differential Convolutional . be suitable for detecting
Differential Precision, recall, and
. Guerrero- | Neural Network (DCNN) to other types of faults, such
Convolutional . ; : . F1-score .
Neural Networks Lopez, et | classify the signals as either as bearing faults or wheel
(Garcia}, 2023) al. healthy or damaged, DCNN defects
' is trained on time-frequency
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representations of the
vibration signals, which are
obtained using a Short-Time
Fourier Transform (STFT)
and a Differential Filter
Bank (DFB).

The usefulness of
artificial intelligence
for safety assessment
of different transport

modes (Gelder},

2023)

Dimitrios
l.
Tselentis,
Eleonora
Papadimitr
iou, et al.

A semi-systematic literature
review based on the four
main transportation modes
i.e., road, rail, maritime, and
aviation, The review
methodology involved
defining research questions,
identifying search strings,
selecting sources and search
engines, applying study
selection criteria, and
mapping data.

publications from the
period of 1995 to
2021

It does not cover a
significant part of aviation
research because it is
mostly part of industrial
research and
development, which often
remains confidential, the
study did not use any data
for the research described.

Machine learning
and deep learning for
safety applications:
Investigating the
intellectual structure
and the temporal
evolution (Carlo},
2024)

Leonardo
Leoni,
Ahmad
BahooToro
ody, et al.

Systematic bibliometric
analysis (SBA), support
vector machine (SVM)

Chemical process,
reliability analysis,
risk evaluation.

Keyword Dependency,
False Positives and
Coverage, Missing of
automated clustering tools
and Temporal analysis.

Failure diagnosis of
a compressor
subjected to surge
events: A data-driven
framework (Tucci,
2023)

Leonardo
Leoni,
Filippo De
Carlo, et
al.

The methodology is divided
into 3 stages: Stage 1 is data
acquisition, where a set of
Process Variables (PVs) is
selected. Stage 2: Their
respective sensor data are
acquired. Stage 3: The
acquired signals are then
classified into different
operating conditions,
identifying the good
working and the faulty state
for each time window.

Number of Process
Variables (PVs),
Decision Tree (DT),
Random Forest (RF),
Sensitivity

There is no sensitivity
analysis, should include
data reduction techniques
such as Sequential
Forward Selection (SFS),
Muissing noise removal
techniques such as
Wavelet Transform (WT).

Research on Active
Safety
Methodologies for
Intelligent Railway
Systems (Jia, 2022)

Yong Qin,
Zhiwei
Cao, et al.

The methodology includes
Modeling the Problem,
proposing a Mathematical
Model (A mixed-integer
linear programming model),
Utilizing Bayesian Network
and Expectation
Maximization.

Event-Activity
Network, Bayesian
Network

Lack of complexity and
computational intensity,
need of refinement and
validation on rescheduling
optimization method
through real-world case
studies, lack of real-time
data availability and
accuracy.

A literature review
of fault diagnosis
based on ensemble
learning (Jaber,
2024)

Zhibao
Mian,
Xiaofei
Deng, et
al.

Ensemble learning

Data Sources:
Utilizing fault data
from diverse sources
such as
accelerometers,
vibration sensors,
temperature sensors,
Ensemble Methods:
Implementing
ensemble learning
techniques including
Random Forest,
Gradient Boosting
Machines.

Limited availability of
fault data for certain types
of critical equipment or
specific fault categories,
he generalizability of the
ensemble learning models
to diverse equipment
types, fault severities, and
operating conditions, The
interpretability of
ensemble models
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A General Model for
Railway Systems
Risk Assessment

with the Use of
Railway Accident

Bohus
Leitner

The paper presents a general
model for assessing the risk
of railway accidents using
accident scenarios analysis.
The models were developed
based on hazardous events

Probability of
hazardous events
occurring, the
severity of the
consequences of
these events, and the

Limited availability of
data, Difficulty of
modeling complex human
factors, feasibility of the
model, uncertainty
associated with the results
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Scenarios Analysis that have the potential to effectiveness of risk
(Leitner, 2017) cause casualties, and control measures,
evaluated using various human factors, such
safety techniques, including as the behavior of
Fault Tree Analysis (FTA) railway staff and
and Event Tree Analysis passengers, and the
(ETA) impact of external
factors, such as
weather conditions.
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high-speed trains Zhang, pre-trained with the 2D computing the MK discussion of potential
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learning (Mao, 2021) Mao domain adaptation method laorithm for fi impact of any assumption.
in transfer learning to algorithm for fine-
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parameters.
Mean
Multi-Target Defect Effectlven_ess of the_ data
o 97 augmentation techniques,
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; . deep learning models, | model to unseen data, and
11 Based on Image wei, Dehua Augmentation, Model
. . . . and data the performance of the
Processing and wei, et al. Training and Evaluation . .
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Improved YOR@ railway track inspection
Model (Wei, 2020) SCENarios.
Model construction and the Properties of the
A New Approach for installation of a test vehicle deviceps WSS 2T o5
Condition on the railway line, Real- y .
- Mehmet . . the camera Single Component Focus,
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Detection of Rail ' | track are tested using three P c P P Y,
12 Orhan - the application of Component Recognition,
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Rail Track in ' grabber card, a computer, s o - 9y
. X al. . condition monitoring Description
Railway (Akin, and an experiment tool, . -
L = of railway lines and
2018) decision trees, a machine
. components.
learning method.
Collection of datasets for
automatic railway track fault -
detection, cart was equipped Acous(igginal ;
A Novel Approach Rahman o e . Frequency Range, Environmental
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to Railway Track Shafique, - signal-to-Noise Ratio Variability, Anomaly
. mounted at a safe distance : .
Faults Detection Hafeez-Ur- 3 (SNR), Speed of Representation, Synthetic
13 . X from the point of contact of ; :
Using Acoustic Rehman Mechanical Cart, Data Generation,
: A i 1: i the wheel and track for data .
Analysis (Shafique, Siddiqui, llecti hanical Distance between Accuracy of Fault
2021) et al Cole o MechisiRg) cart Microphones and Detection
' was driven by a generator,
o Track
maintaining an average
speed of 35 km per hour.
Tvne of Sensors Data Availability, Labeled
Vision Based . . yp A Data Requirements, Lack
. Shruti Data Collection, Image and Video - .
Railway Track . . of Sufficient Studies,
o . Mittal, Preprocessing, Feature Data, Feature .
14 Monitoring Using . . - . Vision-Based Method
; Dattaraj Extraction, Model Training, Extraction -
Deep Learning (Rao, - - . Constraints, Hardware
Rao Detection and Evaluation. Techniques,
2017) o T and Resource
Classifier Training .
Requirements
FaultNet: Fault A two-step segmentation Color, size, and Need for further
L y approach for automated histograms at various | validation and comparison
Rail-Valves Ramanpree . - .
. - ; image segmentation and scales to analyze with other state-of-the-art
Detection using t Singh : - - . . .
15 . .| fault detection, this approach input images for deep learning techniques,
Deep Learning and | Pahwa, Jin . : SO
Computer Vision Chao. et al utilizes deep learning foreground- the applicability and
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RCNN, to improve the SegNet, and mask specific real-world
accuracy and efficiency of RCNN are employed scenarios such as
segmentation compared to for improved underground tunnel

traditional handcrafted segmentation inspection and 3D point

techniques accuracy cloud segmentation need
to be thoroughly
investigated.

In the context of safety-sensitive applications such as railway track crack detection, the lack of interpretability in deep learning
models has been identified as a major shortcoming. To address this, the research intends to investigate methodologies that can
provide insights into the model’s decision-making process, hence improving its interpretability and explainability.

1. Railways are subjected to a variety of environmental circumstances, including variations in weather and lighting. As a result,
designing defect detection systems that are resistant to such environmental obstacles is essential.

2. While existing techniques may be more effective in detecting well-defined or severe fractures, they may ignore early-stage or
subtle cracks that are more difficult to detect visually. The project’s goal is to improve the model’s sensitivity to early-stage
cracks, which is critical for timely maintenance and accident avoidance.

3. For practical deployment, the crack detection system must be seamlessly integrated with existing track inspection technologies
and processes. The project will address the difficulties associated with adopting the model into existing inspection processes
in order to streamline track maintenance operations.

4. A lack of defined standards and data sharing among railway operators might stymie the development and deployment of
universal rail issue detection systems. It is critical to conduct research on standards and data exchange methods.

5. The articles are often concerned with specific aspects of railway infrastructure maintenance, such as rail fastener detection and
defect classification. However, they lack extensive assessments on diverse datasets, limiting comprehension of how these
models apply to different rail fastener types, track conditions, and environmental circumstances.

6. Because each study introduces novel approaches, comparison analyses against existing fault identification tools are typically
absent. Comparative study is required to evaluate the performance and scalability of the approaches on offer.

7. Deploying the crack detection system across several places requires a distributed and scalable infrastructure for Large-Scale
Distributed Deployment, such as huge railway networks.

By filling these gaps, the research hopes to overcome existing system limitations, develop a more robust and efficient crack detection
model, and ensure its practical relevance for real-world, safety-critical railway track maintenance scenarios. Finally, the project
hopes to contribute to improved railway safety, lower maintenance costs, and better transportation infrastructure management.

3. PROPOSED METHODOLOGY

The proposed methodology for the Fault Detection (Zeng, 2019) in railway track project incorporates Transfer Learning and utilizes
the VGG19 architecture (Wei, 2020) to build an advanced and efficient fault detection model. Transfer Learning is a machine
learning (Carlo}, 2024)approach that involves using a model that has been pre-trained as a starting point for an entirely new task
rather than developing a model from scratch.

For numerous reasons, transfer learning has become an essential approach in deep learning (Carlo}, 2024):

e Model Reusability: Pre-trained models have previously learnt useful features from huge datasets such as ImageNet. We can
save time and resources by utilizing these models instead of training from scratch.

o Increased Performance: Transfer learning (Wei, 2020) frequently leads to improved generalization. This is very useful when
you only have a limited amount of data for your specific purpose.

o Domain Adaptation: Pre-trained models can be fine-tuned on a smaller dataset that is particular to any problem, allowing the
model’s expertise to be adapted to the appropriate domain.

e Less Overfitting: Transfer learning can help to reduce overfitting, especially when employing regularized pre-trained models
(Wei, 2020).
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Figure 3.1: Transfer learning architecture

Applications of Transfer Learning (Wang, 2022):
e Image classification and object detection.

e Natural language processing and sentiment analysis.

¢ Healthcare, including medical image analysis.
e Autonomous driving and robotics.

VGG19 Architecture: VGG19 is a deep CNN architecture developed by the University of Oxford’s Visual Geometry Group (VGG).
It is an advancement of the VGG16 architecture. VGG19 is a stable and well-established architecture that excels at image

classification problems.
Architecture of VGG19:

—pos-H—

Convolutional Layers Dense Layers

Source Labels

- O1
< 02
- 03
¢ 04

Target Labels

e Architecture Depth: VGG19 has 19 layers (16 convolutional and three fully connected). It is well-known for its simple
architecture and small 3x3 convolutional filters.

e Pooling Layers: VGG19 uses max-pooling layers to down sample feature maps.

e Fully Connected layers: The network closes with three layers that are fully connected. The final layer usually has the same
number of units as the number of classes in the classification task.

e Activation Function: The network’s activation function is the Rectified Linear Unit (ReLU).
e Batch Normalization: The batch normalization layers in VGG19 help with training stability and speed.
e A large number of parameters: VGG19 has a large number of parameters due to its depth and the size of the completely

connected layers. This makes training computationally expensive and may result in overfitting on short datasets.
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Figure 3.2: VGG19 Architecture
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Dataset Source (Kaggle) (Pandit, 2023): Kaggle is a platform for data science and machine learning competitions. It hosts various
datasets related to different domains.

Train, Test, and Validation Sets: These are subsets of our dataset, each serving a specific purpose in the training and evaluation of

machine learning model.

1. Train Set: The portion of the dataset used to train the machine learning model. The model learns patterns and features from

this set.

2. Test Set: A separate portion of the dataset used to evaluate the performance of the trained model. It helps assess how well the
model generalizes to new, unseen data.
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3. Validation Set: Another separate portion used during the training process to fine-tune the model’s parameters and avoid
overfitting. It helps to assess the model’s performance on data it hasn’t seen during training.

4. Defective and Non-defective Images: The dataset contains images representing both defective and non-defective conditions of
railway tracks.

5. Defective Images: These likely show various types of faults, damages, or issues with the railway tracks. These could include

cracks, wear, or other defects.

Non-defective Images: These represent the normal or expected state of the railway tracks, without any visible issues.

7. Purpose of the Dataset: The dataset could be used for developing and training machine learning models for railway track
inspection or fault detection. Models trained on this dataset are capable of classifying images into defective and non-defective
categories, aiding in automated inspection processes.

Potential Applications:

e Automated Railway Track Inspection: The models developed using this dataset could be deployed for automated inspection of
railway tracks, identifying defects and issues.

e Maintenance Planning: Insights from the model’s predictions could inform maintenance planning by prioritizing areas with
detected defects.

e Challenges and Considerations: Challenges include variations in lighting conditions, track conditions, and the diversity of
possible defects. The dataset’s quality and diversity play a crucial role in the model’s ability to generalize to real-world scenarios.

ISk
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Figure 3.3: Kaggle dataset
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Figure 3.4: Defective dataset
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Figure 3.5: Non defective dataset

2.2. MODEL DESCRIPTION

Railway Track Fault Detection System
(Main Projgram)

A

Load Images I— Display Images
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- si - Data Augmentation, Normalize, Resize
into Grayscale, CannyEdge Detector Data Preprocessing g
A
‘ S Store In a Folder
| Building Model (Processed Images)
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Predict
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Figure 3.6: Data flow diagram of fault detection system
In the above DFD;

1. Load Images: The system starts by loading images from the specified directories: training, validation, and test datasets.
2. Display Images: Images can be optionally displayed for visualization and inspection.
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3. Data Preprocessing: To improve the model’s ability to detect cracks in different environments, data augmentation and data pre-
processing techniques are applied. These techniques involve applying median filter for Noise Reduction, then converting it into
binary form i.e., into Grayscale and then applying Canny edge Detection.

e The Median Filter: Median filtering is a non-linear picture noise reduction filter. It replaces the value of each pixel with the
median value of the nearby pixels.

e Converting Binary Images: Thresholding is used to convert images to binary format, which entails making pixels above a
specific intensity value white and pixels below it black, resulting in a binary image.

e Canny edge detectors: Canny edge detectors are multi-stage algorithms that involve Gaussian smoothing, gradient
computation, non-maximum suppression, and edge tracking using hysteresis.

o Data Augmentation: Data augmentation is a machine learning and deep learning approach that uses different transformations
and adjustments to the original data to artificially enhance both the size and variety of a training dataset.

Original Image Median Filter (Noise Reduction) Binary Image

Canny Edge Detection

Figure 3.7: Preprocessed data

4. Feature Extraction: Feature extraction is performed as part of the data preprocessing and subsequent feature extraction steps in
the VGG19-based model. Feature extraction is a critical process in which the model extracts relevant features from the
preprocessed images, making it a distinct step in the diagram.

5. Train Model: The VGG19-based model is initialized and configured for training, including the addition of a custom top layer.

Model compilation includes specifying the optimizer, loss function, and metrics. Data augmentation and preprocessing are set

up for the training and test datasets. Data generators are created to handle batch processing.

Display Training Progress: Training progress is displayed, offering real-time feedback using tools like livelossplot.

Evaluate Model: The trained model is evaluated on the test dataset to assess its performance. Test accuracy is printed as the

evaluation result.

8. Save the Model: The trained model is saved to a file for future use or deployment.

~No
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Found 299 images belonging to 2 classes.
Found 301 images belonging to 2 classes.
Found 204 images belonging to 2 classes.
Model: “"sequential®

Layer (type) Output Shape

vggl9 (Functional) 20024384

flatten (Flatten) 25088)

dense (Dense) 6422784
dense_1 (Dense)
Total params: 26447682 (106.89 MB)

Trainable params: 6423298 (24.50 MB)
Non-trainable params: 2060624384 (76.39 MB)

Figure 3.8: Custom VGG19 Model

2.3. PERFORMANCE PARAMETER
We performed Test Accuracy on both “Test” as well as “Train” dataset in order to evaluate the model’s performance on seen data
and unseen data (Akin, 2018).

Found 204 images belonging to 2 classes.
13/13 | 1 - 27s 2s/step
precision recall fl1-score  support

0.82 ©.92 0.86 107
0.89 .77 6.83 97

accuracy 0.85
macro avg 0.85

weighted avg 0.85

Figure 3.9: Test accuracy

Precision, recall, F1 score, and support are common metrics (Mao, 2021) used to evaluate the performance of a machine
learning model (Zeng, 2019), especially in binary classification tasks.

1. Precision: Precision is the ratio of true positive predictions to the total number of positive predictions made by the model. It
quantifies the ability of the model to make accurate positive predictions.
Formula:
Precision = TruePositives/(TruePositives + FalsePositives ) (3.1)

2. Recall (Sensitivity or True Positive Rate): Recall is the ratio of true positive predictions to the total number of actual positive
cases in the dataset. It measures the model’s ability to correctly identify all positive cases.
Formula:
Recall = TruePositives/(TruePositives + FalseNegatives) (3.2)

3. F1 Score: The F1 score is the harmonic mean of precision and recall. It provides a balanced measure of a model’s performance,
considering both false positives and false negatives.
Formula:
F1Score = 2 * (Precision * Recall)/(Precision + Recall) (3.3)

4. Support: Support is the number of actual instances in each class. It indicates the distribution of instances in the dataset for
each class.
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Classification Report: The classification report provides metrics (Mao, 2021) for each class (0 and 1), as well as macro and weighted
averages. Metrics for each class include precision, recall, and F1-score.
e For class 0 (Non-Defective): — Precision: 0.82 — Recall: 0.92 — F1-score: 0.86.

e Forclass 1 (Defective): — Precision: 0.89 — Recall: 0.77 — F1-score: 0.83.

e Accuracy: The overall accuracy on the test dataset is 0.85, or 85%. This indicates that the model correctly classified 85% of

the test samples.

The performance of model on training set are as follows:

Found 299 images belonging to 2 classes.
19/19 [

accuracy
macro avg
weighted avg

precision

1.00
1.00

1.00
1.006

] - 25s 1s/step
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1.00

1.00
1.00
1.00

Figure 3.10: Train accuracy
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Classification Report: The classification report provides metrics for each class (0 and 1), as well as macro and weighted averages.

Metrics for each class include precision, recall, and F1-score.
For class 0 (Non-Defective): — Precision: 1.00 — Recall: 1.00 — F1-score: 1.00.

For class 1 (Defective): — Precision: 1.00 — Recall: 1.00 — F1-score: 1.00.
Accuracy: The overall accuracy on the training dataset is 1.00, or 100%. This indicates that the model correctly classified all training
samples. These results indicate that the model achieved 100% accuracy on the training dataset, correctly classifying all samples.

3. RESULTS AND ANALYSIS

Epoch
18/18
Epoch
18/18
Epoch
18/18
Epoch
18/18
Epoch
18/18
Epoch
18/18
Epoch
18/18
Epoch
18/18
Epoch
18/18
Epoch
18/18
Epoch
18/18
Epoch
18/18
Epoch

Epoch
18/18
12/12
Test Accuracy: ©.8541666865348816

83s S5s/step - loss: ©.7972 - accuracy: ©.7456 - val_loss: 8.5493 - val_accuracy: 8.7778

62s 4s/step - loss:

©.4529 - accuracy: ©.7986 - val loss: 1.6685 - val accuracy: ©.5868

62s 4s/step - loss: ©.6277 - accuracy: 8.7597 - val_loss: 1.2942 - val_accuracy: 0.6424

155s 9s/step - loss: ©.3336 - accuracy: ©.8693 - val_loss: ©8.4719 - val_accuracy: 0.7986

172s 1@s/step - loss: ©.2248 - accuracy: ©8.9046 - val_loss: 8.4515 - val_accuracy: ©.8472

60s 3s/step
61s 3s/step
3s/step
3s/step
3s/step
3s/step

s 3s/step

3s/step
2s/step

loss:

loss:

loss:

e.

0.

2315

2568

.2625

-1197

-1565

.1137

.e888

- accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:
accuracy:

e.

a.

8975

8854

.8985

.9647

.9329

Figure 4.1 Model accuracy

val_loss: ©.5160 - val_accuracy: ©.8229
val_loss: ©0.8274 val_accuracy: 0.7326
val_loss: ©.4319 val_accuracy: ©.8438
val_loss: ©. val_accuracy: 0.8542
val_loss: ©. val_accuracy:
val_loss: @. val_accuracy:

val_loss: @. val_accuracy:

val_accuracy:

The test accuracy is of 0.854 (or 85.4%), So we can say that the model correctly classified about 85.4% of the instances in the test

dataset.
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Figure 4.2 Prediction

From Figure 4.2 We can say that the model is correctly classifying the Images in Defected and Non-Defective.
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Figure 4.3: Training loss Vs Validation loss
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Figure 4.4: Training accuracy Vs Validation accuracy
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Figure 4.5: Confusion matrix on test dataset

The confusion matrix summarizes the classification problem’s prediction results. The key to confounding the matrix is to utilize
count values to collect the number of correct and incorrect predictions and to categorize them. Confusion matrices are useful for
determining where a classification model excels and where it may need to be improved. These indicators assist us in making
informed decisions about the model’s performance and applicability for a particular application.

The confusion matrix consists of four important components:

1. True Positives (TP): 98 - This is the number of instances that were correctly predicted as positive (correctly identified as the
class of interest).

2. False Positives (FP): 9 - This is the number of instances that were incorrectly predicted as positive (incorrectly identified as the
class of interest when it’s not).

3. False Negatives (FN): 22 - This is the number of instances that were incorrectly predicted as negative (incorrectly identified as
not the class of interest when it is).

4. True Negatives (TN): 75 - This is the number of instances that were correctly predicted as negative (correctly identified as not
the class of interest).

Therefore, lets calculate Accuracy:

. [ TP+TN 98475 173
Y =T PYTN +FP+FN 98+75+9+22 204

= 84.80% (4.1)

The model has an accuracy of 84.80%, which approximately is equal to 85%. This means it correctly classifies about 84.80% of the
total instances. In this binary classification scenario, the model is making correct predictions for both classes, and the values in the
confusion matrix reflect that.

To further validate the model’s effectiveness, a comparison (Pandit, 2023) was made with other deep learning architectures such
as GoogleNet and RESNET50.

Table 4.1: Comparative analysis

Comparative analysis of all 3 models
Sr. No Model Train Accuracy Train Loss Validation Accuracy Validation Loss
1 VGG19 98% 3% 85.07% 40%
2 GoogLeNet 94% 19% 78% 78%
3 RESNET50 63% 64% 58% 60%

4. CONCLUSION

The Fault detection in railway tracks using Image Classification project seeks to construct an innovative and efficient system for
automating the identification of faults in railway tracks by leveraging machine learning, Transfer Learning, and the VGG19
architecture. An exhaustive literature analysis was conducted to investigate the existing Methods on fault detection utilizing similar
techniques, underlining the importance of Transfer Learning and VGG16 in this sector. The proposed technology has showed
promise in accurately detecting faults in railway rails, hence improving safety and lowering maintenance costs.
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However, various limits and downsides have been recognized, including the lack of interpretability in deep learning models, high
processing costs, and difficulties in dealing with noisy and incomplete data. Furthermore, traditional models may struggle to adapt
fast to new track settings and successfully detect early-stage cracks.

4.1. Advantages

1.

Accurate Crack Detection: The model detects cracks in railway tracks with great accuracy thanks to the use of deep learning
techniques such as Transfer Learning and VGG16. This precision ensures that possible flaws are recognized quickly,
enabling for timely maintenance and accident prevention.

Generalization Capabilities: Transfer Learning takes advantage of pre-trained models on huge image datasets, allowing
the crack detection model to generalize effectively to different track conditions, lighting conditions, and environmental
factors. This versatility ensures that the model operates on a variety of railway networks and track types.

Interpretable Insights: The model’s decision-making process becomes more apparent by including interpretability
techniques such as attention mechanisms and saliency maps. This transparency increases trust and confidence in the
system’s effectiveness by providing insights into the features that influence crack detection.

Real-Time Performance: Model compression and quantization approaches are used to optimize the model for real-time
performance on resource-limited platforms such as inspection vehicles or drones. Real-time crack detection enables instant
alerting and quick maintenance actions, lowering the chance of track failure.

Efficient Resource Utilization: Because the model starts with pre-trained weights, Transfer Learning decreases the
computational overhead during model training. Furthermore, model compression minimizes the size and memory needs
of the model, maximizing resource use during deployment.

Cost-Effective Maintenance: Early crack identification by automated technologies reduces the need for regular manual
examinations, lowering maintenance expenses. Concentrating maintenance efforts on specific areas that require care
enhances cost-effectiveness and reduces the need for superfluous repairs.

Scalability and Integration: The suggested model is scalable to diverse railway networks since it can handle multiple image
datasets. The system’s connection with existing track inspection processes assures that it may be deployed and adopted in
railway maintenance operations with minimal disruption.

4.2. Future Scope

1.

2.

Real-Time Monitoring System: Integrate your model into a railway track real-time monitoring system. When defects are
found, this system may continually evaluate photographs from track inspections and deliver quick alerts or messages.
Mobile Application for Field Inspections: Develop a mobile application for field inspections that makes use of your trained
model. Field inspectors or maintenance people can use this app to snap photographs of railway lines using smartphones or
tablets. The program then runs the image through the model in real time to discover any flaws.

Dashboard for Analytics and Reporting: Create a web-based dashboard that gives analytics and reporting based on your
model’s predictions. Visualizations of fault trends over time, places with the highest incidence of faults, and the general
health of the railway system could be included.

Automated Inspection Drones: Consider integrating your model with drone technology for automatic aerial inspections of
railway tracks. Drones with cameras can gather photographs, which your model can evaluate to find flaws and provide a
more complete perspective of the railway network.

Predictive Maintenance System: Improve your model by including predictive maintenance capabilities. Analyse past data
and using machine learning algorithms to forecast when specific sorts of defects are likely to occur, allowing for proactive
maintenance planning.

Security and Privacy Measures: Implement strong security measures to secure the data and the model, especially if sensitive
information is being transmitted. To address any concerns about data handling, ensure compliance with privacy rules and
standards.

Continuous Model Improvement: To ensure that your model remains effective over time, update and retrain it on a regular
basis with new data. This may entail incorporating user feedback, dealing with false positives/negatives, and adapting the
model to changing environmental conditions.

4.3. Applications

1.

Railway Infrastructure Maintenance: Using image classification for fault detection will assist railway authorities in quickly
identifying and correcting track issues. This proactive approach can minimize maintenance costs while improving the
railway network’s safety and reliability.
Preventive Maintenance: Detecting defects in railway tracks early might help to avoid accidents and service delays. It may
result in a more efficient preventative maintenance approach, resulting in less downtime and increased passenger safety.
Automatic Inspection: By finding track problems without the need for manual labour, automated picture classification
helps speed the inspection process. This can save time and lower the possibility of human error.

Real-time Monitoring: The system may be used to monitor railway lines in real time, sending out quick notifications when
defects are identified. This is especially beneficial for high-speed rail networks were responding to faults quickly is crucial.

Safety Enhancement: By recognizing potentially hazardous track conditions, the system can help to improve railway
safety. This includes looking for cracks, misalignments, and loose components.

Lowering Operational charges: Implementing a dependable defect detection system might result in cost savings in terms
of maintenance and operational charges. Early intervention lowers the need for costly repairs.

Information-driven Image categorization data can be utilized for data analysis, allowing railway operators to make
informed decisions about infrastructure maintenance, budget allocation, and resource management.
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8. Scalability: Because the technology can be scaled to cover large railway networks, it can be used for both urban and long-
distance rail systems.

9. Environmental effect: By lowering the frequency of maintenance activities and avoiding catastrophic failures, this
technology can help to reduce the railway industry’s environmental effect.

10. Research and Development: Image categorization data can be used to improve railway track materials, designs, and
building procedures through research and development.

11. International Rail Networks: The technology is not confined to a single location and may be applied to railway networks
all over the world, improving the safety and dependability of international rail transit.

12. Urban Transport: In densely populated locations, where railway tracks frequently connect with streets and pedestrian
areas, effective fault detection helps prevent accidents and increase safety.

13. Freight transit: Ensuring the condition of railway rails is critical for freight transit to avoid accidents, derailments, and
supply chain delays.

14. Government and Regulatory Compliance: Putting in place a reliable fault detection system can assist railway operators in
meeting government rules and compliance standards for railway safety and maintenance.

15. Remote and Unmanned Rail Systems: Where regular inspection may be difficult, automated image classification provides
a valuable solution for monitoring track conditions in remote or unmanned rail systems.
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