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Abstract- Railway infrastructure forms a critical
component of national transportation systems, requiring
continuous monitoring to ensure safety and operational
efficiency. Traditional inspection methods are manual,
time-consuming, and often fail to detect subtle or
emerging surface defects. This study proposes a deep
learning-based framework for automated railway surface
defect classification using the InceptionV3 Convolutional
Neural Network (CNN) architecture. A custom dataset
comprising 6,500 high-resolution railway track images
was curated and labeled into five classes: crack, corrosion,
debris, fastener failure, and healthy. Transfer learning
was applied to fine-tune the InceptionV3 model for
domain-specific features, supported by extensive data
augmentation techniques to enhance generalizability
across varying field conditions. The final model achieved a
test accuracy of 91.42% with high precision and F1-scores
across most classes, particularly excelling in detecting
corrosion and fastener anomalies. The model also
demonstrated robustness to lighting, texture, and surface
inconsistencies. Its lightweight architecture makes it
suitable for deployment on edge-computing platforms
such as drones or embedded IoT systems, facilitating real-
time, on-site defect detection. Overall, the proposed
system offers a scalable, Al-driven solution to enhance
structural health monitoring, contributing toward
predictive maintenance strategies and the modernization
of railway infrastructure in line with Industry 4.0
objectives
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1. INTRODUCTION

Ensuring the structural integrity and operational
reliability of railway infrastructure is paramount to the
safety and efficiency of modern transportation systems.
With the growing scale of railway networks and
increasing traffic demand, the frequency of track-related

failures has escalated, posing significant risks to public
safety, operational continuity, and asset longevity. Early
detection and timely maintenance of surface-level defects
such as cracks, corrosion, debris, and fastener
degradation are crucial for preventing accidents and
minimizing service disruptions. However, conventional
inspection practices—primarily reliant on manual visual
surveys—are inherently labor-intensive, inconsistent, and
unable to scale across expansive or inaccessible railway
environments. Moreover, human-based assessments are
susceptible to errors due to fatigue, subjective judgment,
and variable field conditions.

In recent years, deep learning and computer vision
technologies have emerged as powerful tools in the field
of structural health monitoring (SHM), offering the
potential to automate and optimize defect detection
processes with high accuracy and repeatability. Among
various  convolutional —neural network (CNN)
architectures, InceptionV3 stands out due to its efficiency
in multi-scale feature extraction and its proven
effectiveness across diverse image classification tasks.
The architecture's ability to learn complex patterns from
high-resolution images makes it particularly well-suited
for classifying heterogeneous and often visually
ambiguous railway surface defects.

This research presents a comprehensive CNN-based
framework for automated defect classification on railway
tracks, utilizing a curated dataset of 6,500 high-resolution
images annotated across five classes: crack, corrosion,
debris, fastener failure, and healthy. By leveraging
transfer learning from a pre-trained InceptionV3 model
and applying extensive data augmentation techniques, the
framework is designed to achieve robust performance
across variable lighting, texture, and noise conditions. The
final model is not only accurate—achieving a test
accuracy of 91.42%—but also lightweight, enabling
deployment on embedded platforms such as drones and
IoT devices for real-time, on-site monitoring. This study
contributes to the evolution of Al-driven predictive
maintenance systems in railway infrastructure, aligning
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with the broader vision of Industry 4.0 and intelligent
transportation ecosystems.

2.LITERATURE REVIEW

Recent advancements in computer vision and deep
learning have significantly transformed the landscape
of structural health monitoring (SHM), particularly in
the automated detection of surface defects. Numerous
studies have employed convolutional neural networks
(CNNs) and object detection models such as YOLOv5
and Faster R-CNN for identifying cracks and other
anomalies in infrastructure. These models have
proven effective for real-time detection tasks due to
their high inference speed and accuracy in localizing
objects. However, their primary strength lies in object
detection, not in fine-grained classification, which
limits their ability to distinguish between subtle defect
types such as corrosion versus debris or fastener
failure.

To address the need for deeper feature extraction and
multi-scale analysis, researchers have increasingly
explored Inception-based architectures. Notably,
InceptionV3, developed by Szegedy et al,
incorporates factorized convolutions and multiple
filter sizes within each layer to capture both local and
global image features. This design enables the model
to perform well on complex classification tasks
involving subtle texture differences and irregular
patterns, making it suitable for applications such as
medical image diagnostics, pavement distress analysis,
and corrosion identification.

In the context of railway defect detection, relatively
few studies have applied InceptionV3, despite its
suitability for this domain. Earlier efforts have focused
on binary crack detection or corrosion identification in
controlled environments, often wusing small or
imbalanced datasets. While such models have
demonstrated promising results, they generally lack
the scalability and robustness needed for deployment
in real-world railway systems with varied
environmental conditions.

This study builds on the strengths of InceptionV3 and
addresses existing research gaps by applying it to a
diverse, high-resolution dataset of 6,500 annotated
railway track images, covering five essential surface
conditions. By incorporating transfer learning, data
augmentation, and careful class balancing, this
research advances the state of railway SHM by offering
a high-performance model suitable for practical
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deployment on embedded devices. This literature-
grounded approach supports the feasibility and
necessity of developing a lightweight yet highly
accurate deep learning system tailored to the unique
demands of railway infrastructure inspection.

3.METHDOLOGY

This study presents a deep learning-based framework
for classifying surface-level railway defects using the
InceptionV3 Convolutional Neural Network (CNN).
The methodology involves four key components:
dataset preparation, model architecture, training
configuration, and evaluation strategy. Each
component was carefully designed to ensure accurate
classification, computational efficiency, and
deployment readiness in real-world railway inspection
systems.

3.1 Dataset Description

A custom dataset was developed containing 6,500
high-resolution images of railway track surfaces. The
images were sourced under diverse environmental
conditions to reflect real-world variability and
annotated into five distinct categories:

Crack

Corrosion
Debris

Fastener Failure
Healthy

To ensure balanced representation across classes, the
dataset was partitioned into three subsets:

e Training set: 70% of the data
e Validation set: 20%
e Testset: 10%

Each image was resized to 299x299 pixels to comply
with InceptionV3'’s input requirements. Preprocessing
also included:

e Pixel normalization to the [0, 1] range

e Data augmentation techniques such as
random rotation, horizontal flipping, zooming,
and brightness adjustments.

These steps aimed to increase robustness and reduce
overfitting by simulating real-world variations in
lighting, perspective, and surface condition.
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3.2 InceptionV3 Model Overview

The InceptionV3 model, pre-trained on ImageNet, was
employed via transfer learning. Its architecture is
composed of multiple Inception modules that apply
1x1, 3x3, and 5x5 convolutions in parallel, enabling
efficient extraction of both fine and coarse features.
The architecture was customized as follows:

e InputLayer: 299x299x3 RGB image
e Convolutional and Inception Modules:
Deep layers for multi-scale feature extraction

e Global Average Pooling: Reduces
dimensionality while preserving spatial
features

e Dense Layers: Include dropout

regularization to prevent overfitting
e Output Layer: Softmax activation with 5
neurons for each defect class

This architecture was selected due to its strong
performance in classification tasks involving high
inter-class similarity and its relatively lightweight
computational profile compared to heavier models
like ResNet or EfficientNet.

3.3 Training Configuration

The model was compiled and trained using the
following hyperparameters:

e Loss Function: Categorical Crossentropy
(suitable for multi-class classification)
e Optimizer: Adam optimizer with a learning

rate of 0.0001
e Batch Size: 32
e Epochs: 25

e (Callbacks: Early stopping and model
checkpointing based on validation loss to
avoid overfitting and retain the best-
performing model

Training was
environment to

conducted using a GPU-enabled

accelerate computation. Model
performance was continuously monitored using
accuracy and loss curves, and evaluation was
conducted on the held-out test set to assess
generalization.

4.Results and Discussion

4.1 Model Training and Performance

The InceptionV3 model was trained for 25 epochs
using a learning rate of 0.0001 and batch size of 32.
Early stopping and model checkpointing were
employed based on validation loss to retain the best-
performing model. Throughout training, the model
exhibited a consistent increase in accuracy and a
steady decline in loss, indicating successful
convergence and generalization to unseen data.

The model achieved the following performance
metrics:

e Training Accuracy: 93.78%

e Validation Accuracy: 91.05%
e Test Accuracy: 91.42%

e Final Test Loss: 0.2971

These results demonstrate that the model not only fits
the training data well but also generalizes effectively
to the validation and test sets, reflecting the
robustness of the architecture and preprocessing
pipeline.

Training and Validation Accuracy
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Fig. 1 Training and validation accuracy and loss
curves over 25 epochs for the InceptionV3 model.

As shown in Fig. 1, training accuracy progressively
improved with minimal divergence from validation
accuracy, suggesting that overfitting was effectively
controlled through dropout regularization and early
stopping. The decrease in validation loss further
supports the model's stability and learning efficiency.

4.2 Classification Report

Table 1 presents the classification performance of the
final model across the five defect categories. High
precision and recall values, particularly for the
Healthy and Crack classes, indicate excellent model
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reliability. Slightly lower scores in the Fastener
Failure class reflect greater intra-class variability and
visual overlap with corrosion and debris patterns.

Class Precision | Recall F1- Support
score

Crack 0.95 0.96 0.96 140
Corrosion 091 0.89 0.90 130
Debris 0.88 0.92 0.90 120
Fastener 0.82 0.77 0.79 110
Failure

Healthy 0.96 0.97 0.96 150
Weighted Avg | 0.91 091 0.91 650

Table 1- Classification Report Table
4.3 Confusion Matrix Analysis

The confusion matrix indicates that the model
classified most instances of Healthy and Crack
conditions correctly, with very few false positives. The
majority of misclassifications occurred between the
Debris and Fastener Failure classes. This confusion
is likely due to the similarity in surface texture and the
presence of rust-colored patterns in both classes.

Despite minor overlaps, the model maintained
balanced performance across classes, showcasing its
strength in multi-class differentiation under real-
world visual conditions. This highlights the value of
using InceptionV3, which excels at capturing features
at multiple spatial scales.

Confusion Matrix Heatmap
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5. CONCLUSIONS

This study presents a deep learning-based framework
for the automated classification of surface-level
railway track defects using the InceptionV3
convolutional neural network. By leveraging transfer
learning on a custom-curated dataset of 6,500 high-
resolution images annotated into five critical classes—
crack, corrosion, debris, fastener failure, and healthy—
the model achieved a notable test accuracy of
91.42% and consistently high precision and F1-
scores across most classes. The architecture
demonstrated strong generalization to real-world
visual conditions including variations in lighting,
texture, and surface contamination.

A key strength of the InceptionV3 model lies in its
ability to extract multi-scale spatial features using
inception modules, making it particularly effective for
identifying subtle and visually overlapping defects.
The classification results, including confusion matrix
analysis and class-wise metrics, confirmed that the
model performed exceptionally well for ‘Healthy’,
‘Crack’, and ‘Corrosion’ categories. Some confusion
was observed between ‘Debris’ and ‘Fastener Failure’
due to their similar visual textures—a challenge that
can be addressed in future work through additional
training data or multimodal fusion.

In addition to high classification performance, the
model is computationally efficient and lightweight,
making it suitable for deployment on edge computing
platforms such as UAVs (drones), robotic crawlers, or
IoT-enabled inspection devices. This supports real-
time, on-site monitoring, enabling predictive
maintenance strategies and reducing reliance on
labor-intensive manual inspections.

Overall, this research validates the application of
InceptionV3 for railway track defect classification and
contributes to the advancement of Al-driven structural
health monitoring systems. The proposed solution
aligns with the goals of Industry 4.0, offering a
scalable and intelligent framework for enhancing
railway infrastructure safety, reliability, and
maintenance planning.

6.Future Work and Scope

Fig. 2: Confusion Matrix Heatmap While the proposed InceptionV3-based defect
classification framework demonstrates strong
performance and deployment potential, several
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enhancements can be explored to further improve its
robustness, scalability, and real-world applicability.

1.

Dataset Expansion and Diversity:
The model's performance can be significantly
improved by expanding the dataset to include
more diverse examples, especially for
underrepresented and visually ambiguous
classes such as ‘Debris’ and ‘Fastener Failure’.
Future datasets may incorporate images from
different geographic regions, rail types, and
weather conditions to improve generalization
across varied operational environments.
Synthetic Data Generation using GANs:
Generative Adversarial Networks (GANs) can
be employed to generate synthetic defect
images, particularly for rare or hard-to-
capture conditions like advanced corrosion or
structural deformation. This augmentation
strategy can help address class imbalance and
improve model sensitivity to minority classes.
Temporal and Sequential Monitoring:
Integrating temporal image sequences over
time would allow the system not only to
detect current defects but also to track the
progression of deterioration. This would
enable true predictive maintenance, offering
early warnings before defects reach critical
levels.

Edge Deployment and Hardware
Optimization: Testing the model on real-time
edge devices such as NVIDIA Jetson Nano,
Raspberry Pi, or Google Coral will help
evaluate its performance in resource-
constrained environments. Optimizing the
model using techniques like quantization or
model pruning can reduce memory usage
and inference time for embedded deployment.
Multimodal Sensor Fusion:
Future versions of the system can integrate
non-visual data such as vibration signals,
acoustic emissions, and thermal imaging to
enhance detection accuracy, particularly for
subsurface defects or areas with occlusion.
Drone-Based Real-Time Monitoring
System:Developing a complete aerial
inspection system using drones equipped

intelligent railway health monitoring system that
significantly reduces inspection costs, enhances safety,
and aligns with the vision of smart infrastructure
under Industry 4.0.
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