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Abstract- Railway track inspection plays a vital role in maintaining transportation safety, operational efficiency, 

and infrastructure reliability. Conventional manual inspection techniques are labor-intensive, expensive, and 

susceptible to human errors. This paper proposes an advanced deep learning-based framework for automated 

railway track defect detection using Region Convolutional Neural Networks (RCNN). The proposed approach 

utilizes images acquired from a rolling camera installed beneath a moving inspection vehicle. The captured images 

are subjected to preprocessing and feature extraction procedures to improve defect detection performance. A 

hybrid combination of Convolutional Neural Networks (CNN) and RCNN is employed to identify and classify 

railway track defects accurately. The framework effectively differentiates between defective and non-defective 

track conditions. Experimental evaluation demonstrates that the proposed approach achieves an accuracy 

exceeding 90%, making it a dependable and efficient solution for real-time railway track inspection and 

maintenance management. 

Keywords—Railway Track Inspection, Deep Learning, CNN, RCNN, Image Processing, Fault Detection, 

Computer Vision. 

I.Introduction 

  Railway transportation remains one of the most widely utilized modes of travel in India because of its 

affordability, reliability, and ability to support large passenger and freight volumes. However, continuous 

operation, environmental exposure, and mechanical stress can lead to various track defects, including cracks, rail 

misalignment, and irregular expansion gaps, which may result in severe accidents such as derailments [16]. 

 Railway tracks are composed of steel rails supported by sleepers, with expansion gaps typically 

maintained within a specified range of 7.5 mm to 8 mm to accommodate thermal expansion and contraction. Any 

deviation from this range can compromise track safety and operational stability. Traditionally, railway track 

inspections are conducted manually, which is not only time-consuming but also vulnerable to inaccuracies and 

inconsistencies caused by human intervention. To address these limitations, automated inspection systems based 

on computer vision and deep learning techniques have gained significant attention. Conventional image 

processing methods, including segmentation and edge detection, have been applied for crack identification; 

however, their performance often deteriorates under complex real-world conditions. Deep learning approaches, 

particularly Convolutional Neural Networks (CNNs), have demonstrated strong capabilities in extracting 

meaningful visual features from track images [12]. Furthermore, Region-based Convolutional Neural Networks 

(RCNNs) enhance defect localization and classification accuracy by identifying defect regions more precisely 

[14], [15]. Motivated by these advancements, this work proposes a CNN–RCNN-based framework for automatic 

railway track fault detection using images captured from a moving inspection platform. 
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Ii.Literature Review 

 Automated railway track inspection has become an active area of research due to the increasing demand 

for safer and more reliable railway transportation systems. Traditional manual inspection methods have long been 

used for monitoring track conditions; however, these methods are labor-intensive, time-consuming, and often 

prone to human errors, particularly when inspecting extensive railway networks [3]. 

 Early research focused on image processing techniques such as thresholding, edge detection, and 

segmentation for identifying rail cracks and surface defects. Although these approaches provided a foundation for 

automated inspection, their performance was often affected by variations in illumination, environmental 

conditions, and image quality [5], [7]. 

 Recent developments in deep learning have significantly improved the effectiveness of railway track 

defect detection systems. Convolutional Neural Networks (CNNs) have demonstrated strong performance in 

extracting discriminative features from railway images and accurately identifying track abnormalities [9], [10]. 

Their ability to automatically learn relevant visual representations eliminates the need for manual feature 

engineering and improves classification performance. 

 Region-based Convolutional Neural Networks (RCNNs) further enhance defect detection by 

simultaneously performing object localization and classification. These models can accurately identify defect 

locations while distinguishing between different types of track faults [14], [15]. Several studies have reported 

substantial improvements in detection accuracy through the integration of CNN and RCNN architectures for 

railway infrastructure monitoring. 

 In addition to deep learning methods, image enhancement, preprocessing, and feature extraction 

techniques play a crucial role in improving system performance. Proper preprocessing helps reduce noise, enhance 

defect visibility, and improve model robustness under varying operating conditions [12]. Recent advancements in 

computer vision and intelligent transportation systems have further facilitated the deployment of automated 

railway inspection frameworks for real-time monitoring applications. 

 Despite these improvements, challenges such as dataset diversity, computational complexity, 

environmental variability, and real-time deployment constraints remain significant concerns. Many existing 

systems struggle to maintain high accuracy under different lighting conditions and complex track environments. 

Therefore, there is a need for a scalable, accurate, and efficient railway track inspection framework capable of 

performing reliable fault detection in real-world scenarios. The proposed CNN–RCNN-based system addresses 

these challenges by integrating advanced preprocessing techniques, deep feature extraction, and intelligent defect 

classification mechanisms for enhanced railway track monitoring and maintenance planning. 

Table 1: Overview of Railway Track Fault Detection Methods 

S. No 
Author & 

Year 

Technique 

Used 

Key 

Contribution 

1 

Singh & 

Singh 

(2021) 

[16] 

Image 

Processing + 

ML 

Crack 

detection using 

hybrid 

methods 

2 

Kumar et 

al. (2022) 

[17] 

Deep 

Learning 

(CNN) 

Automated 

railway 

inspection 

system 

3 

Chen et al. 

(2021) 

[20] 

CNN-based 

Vision 

System 

Improved 

feature 

extraction 

accuracy 
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4 

Liu et al. 

(2022) 

[19] 

Computer 

Vision 

Crack 

detection in 

railway 

infrastructure 

5 

Zhang et 

al. (2023) 

[18] 

Deep 

Learning 

Model 

High-accuracy 

defect 

detection 

system 

Iii.Existing System 

Current railway track inspection systems primarily depend on manual monitoring and conventional automated 

approaches. In manual inspection, railway personnel physically examine track infrastructure to identify cracks, 

fractures, and other defects. Although widely practiced, this method is labor-intensive, time-consuming, and 

highly susceptible to human oversight. To enhance inspection efficiency, several image processing techniques, 

including edge detection, thresholding, and image segmentation, have been employed for crack detection and fault 

identification. While these techniques assist in identifying visible defects, their performance is significantly 

affected by environmental factors such as illumination variations, shadows, and image noise. 

 Machine learning algorithms, including Support Vector Machines (SVM) and Random Forest classifiers, 

have also been applied to railway defect detection tasks to improve classification accuracy. However, these 

approaches rely heavily on manually engineered features and often struggle when dealing with large-scale and 

complex image datasets. Recent advancements in deep learning have introduced Convolutional Neural Networks 

(CNNs), which automatically learn discriminative features from railway track images and provide improved 

detection performance [12]. Furthermore, Region-based Convolutional Neural Networks (RCNNs) enhance 

defect detection by accurately localizing fault regions and classifying defects with greater precision [14], [15]. 

Despite their superior performance, these deep learning models require substantial computational resources and 

extensive training data for effective deployment. 

Table 1: Existing System Comparison 

Approach Technique Limitation 

Manual 

Inspection 

Human 

observation 

Time-

consuming, 

error-prone 

Image 

Processing 

Edge detection, 

segmentation 

Sensitive to 

noise 

SVM Machine 

learning 

Needs manual 

features 

CNN Deep learning  No precise 

localization 

RCNN Object detection  High 

computation cost 

 

Iv. Proposed Methodology 

  The proposed framework introduces an automated and intelligent railway track fault detection system 

based on advanced deep learning techniques, namely Convolutional Neural Networks (CNN) and Region-based 

Convolutional Neural Networks (RCNN). The primary objective of the system is to accurately detect and classify 

railway track defects, including cracks, track misalignments, and irregular expansion gaps, through the analysis 

of image data. 



Tuijin Jishu/Journal of Propulsion Technology 

ISSN: 1001-4055 

Vol. 47 No. 3 (2026) 

__________________________________________________________________________________ 

201 

 The framework is developed to address the shortcomings of conventional manual inspection methods by 

providing a faster, more dependable, and highly scalable monitoring solution. Images are captured using a camera 

installed beneath a moving inspection vehicle and are subsequently processed through the proposed deep learning 

pipeline. The system analyzes the acquired images and categorizes track conditions into defective and non-

defective classes, enabling efficient fault identification and supporting proactive railway maintenance operations. 

A. Proposed Methodology 

 The proposed framework follows a structured pipeline consisting of the following stages: 

1. Image Acquisition 

Railway track images are captured using a high-resolution camera mounted on a moving vehicle. These images 

serve as input to the system. 

2. Preprocessing 

The captured images are preprocessed to enhance quality and remove noise. The preprocessing steps include: 

• Image resizing  

• Noise filtering  

• Contrast enhancement  

• Normalization  

The normalization process is given by: 

𝐼′ =
𝐼 − 𝜇

𝜎
 

Where: 

𝐼= input image, 

𝜇= mean intensity, 

𝜎= standard deviation 

3. Image Segmentation 

 Segmentation is performed to isolate the region of interest (rail tracks). Morphological operations are 

used to enhance structural features. 

𝑆 = 𝑀𝑜𝑟𝑝ℎ(𝐼′) 

Where: 

𝑆= segmented image 

4. Feature Extraction using CNN 

 CNN is used to automatically extract spatial and hierarchical features from the segmented images. 

𝐹 = 𝐶𝑁𝑁(𝑆) 

Where: 

𝐹= feature vector 

5. Region Proposal using RCNN 

 RCNN identifies potential regions containing defects using selective search. 

𝑅 = 𝑆𝑒𝑙𝑒𝑐𝑡𝑖𝑣𝑒𝑆𝑒𝑎𝑟𝑐ℎ(𝑆) 

Where: 

𝑅= set of region proposals 

6. Classification 

 Each proposed region is classified as defective or non-defective. 
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𝑦 = 𝑓(𝐹, 𝑅) 

Where: 

𝑦= output class (Defective / Non-defective) 

7. Decision Making 

Final classification is based on probability: 

𝑃(𝑦 = 1 ∣ 𝑥) =
1

1 + 𝑒−𝑧
 

If 𝑃 > 0.5, the track is classified as defective, otherwise non-defective. 

 

B. Mathematical Model 

 The deep learning model combines CNN and RCNN for prediction. 

Overall Prediction Function 

𝑦̂ = ∑𝑓𝑖

𝑁

𝑖=1

(𝑥) 

Where: 

𝑦̂= predicted output 

𝑓𝑖= learned features 

𝑥= input image 

Loss Function (Binary Classification) 

𝐿 = −[𝑦log⁡(𝑦̂) + (1 − 𝑦)log⁡(1 − 𝑦̂)] 

 

Accuracy Calculation 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

 

Where: 

TP = True Positive, TN = True Negative, FP = False Positive, FN = False Negative 

Table 3: Proposed System Modules and Techniques 

Module Description / Technique 

Input Captures railway track 

images using camera 

Preprocessing Image resizing, noise 

removal, normalization 

Segmentation Morphological operations to 

extract track region 

Feature Extraction CNN used to extract deep 

features 

Detection & 

Classification 

RCNN detects defects and 

classifies output 
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V. System Architecture 

 

Fig: 1 System architecture 

 The proposed railway track fault detection architecture is structured as a multi-layered processing 

pipeline that combines image analysis and deep learning methodologies for reliable defect identification. The 

framework utilizes images acquired from a camera installed beneath a moving inspection vehicle and processes 

them through a sequence of interconnected modules to evaluate and classify the condition of railway tracks. The 

integrated architecture ensures accurate detection of defects while supporting efficient and automated railway 

infrastructure monitoring. 

A. Architecture Overview 

The system consists of the following major components: 

1. Image Acquisition Module  

2. Preprocessing Module  

3. Data Visualization Module  

4. Dataset Preparation Module  

5. Deep Learning Module (CNN + RCNN)  

6. Classification Module  

Each module performs a specific function in the detection pipeline, ensuring accuracy and efficiency. 

B. Module Description 

1. Image Acquisition Module 

 This module captures real-time images of railway tracks using a high-resolution camera mounted below 

a moving vehicle. The collected images include both defective and non-defective track conditions under varying 

environmental conditions. 

2. Preprocessing Module 

 The captured images are preprocessed to improve quality and remove noise. The preprocessing steps 

include: 

• Image resizing  

• Noise filtering  

• Contrast enhancement  

• Normalization  

These steps ensure that the input data is consistent and suitable for further processing. 
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3. Data Visualization Module 

 In this stage, the processed images are analyzed to understand feature distribution and patterns. 

Visualization helps in identifying variations between defective and non-defective track images. 

4. Dataset Preparation Module 

 The dataset is prepared by combining labeled images and dividing them into training and testing sets: 

• Training Data (≈ 80%)  

• Testing Data (≈ 20%)  

This step ensures proper model learning and unbiased evaluation. 

5. Deep Learning Module (CNN + RCNN) 

This is the core component of the system. 

a) CNN (Feature Extraction) 

 Convolutional Neural Networks (CNN) are used to extract important spatial features from input images 

such as edges, textures, and crack patterns. 

b) RCNN (Region-Based Detection) 

 Region-based CNN identifies regions of interest (ROI) in the image where defects are likely present. It 

improves detection accuracy by focusing on specific areas rather than the entire image. 

6. Classification Module 

 The final module classifies the railway track into two categories are Defective Track and Non-Defective 

Track. The output is generated based on features extracted and regions detected by CNN and RCNN. 

C. Mathematical Representation 

 The system can be represented mathematically as follows: 

Feature extraction using CNN: 

𝐹 = 𝐶𝑁𝑁(𝐼) 

Region proposal using RCNN: 

𝑅 = 𝑆𝑒𝑙𝑒𝑐𝑡𝑖𝑣𝑒𝑆𝑒𝑎𝑟𝑐ℎ(𝐼) 

Final classification: 

𝑦 = 𝑓(𝐹, 𝑅) 

Where: 

• 𝐼= Input image  

• 𝐹= Extracted features  

• 𝑅= Region proposals  

• 𝑦= Output class (Defective / Non-Defective)  

D. Working Flow 

 The working flow of the system is summarized below: 

1. Load input image  

2. Apply preprocessing  

3. Perform visualization and dataset preparation  
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4. Extract features using CNN  

5. Detect regions using RCNN  

6. Classify output as defective or non-defective 

Vi. System Implementation 

 The proposed railway track fault detection framework is developed using a modular architecture that 

combines image processing methods with advanced deep learning techniques. The system analyzes images 

captured from a moving railway inspection platform and automatically determines whether the track condition is 

defective or non-defective. The implementation follows a structured workflow comprising multiple stages, 

including image preprocessing, feature extraction, region proposal generation, defect classification, and 

performance evaluation. This modular design enhances system efficiency, accuracy, and scalability for real-time 

railway track monitoring applications. 

A. Input and Preprocessing Module 

 The input to the system is a set of railway track images captured using a high-resolution camera. These 

images are first preprocessed to enhance quality and remove noise. 

The input image is represented as:𝐼(𝑥, 𝑦) 

 

Image normalization is applied to standardize pixel intensity: 

𝐼′(𝑥, 𝑦) =
𝐼(𝑥, 𝑦) − 𝜇

𝜎
 

where: 

𝜇= mean intensity, 

𝜎= standard deviation. 

B. Feature Extraction using CNN 

 Convolutional Neural Networks (CNN) are used to extract spatial features from the input images. The 

convolution operation is defined as: 

𝐹𝑘(𝑥, 𝑦) = (𝐼 ∗ 𝑊𝑘)(𝑥, 𝑦) + 𝑏𝑘 

where: 

𝑊𝑘= convolution kernel, 

𝑏𝑘= bias, 

𝐹𝑘= feature map. 

Activation is applied using ReLU: 

𝐴(𝑥, 𝑦) = max⁡(0, 𝐹𝑘(𝑥, 𝑦)) 

C. Region Proposal using RCNN 

 The RCNN model identifies regions of interest (ROI) where defects are likely to occur. Region proposals 

are generated using selective search: 

𝑅 = {𝑟1, 𝑟2, 𝑟3, . . . , 𝑟𝑛} 

 

Each region is mapped to CNN feature space: 

𝑓(𝑟𝑖) = 𝐶𝑁𝑁(𝑟𝑖) 

D. Classification Module 

 Each proposed region is classified into defective or non-defective using a softmax classifier: 
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𝑃(𝑦 = 𝑐 ∣ 𝑥) =
𝑒𝑧𝑐

∑ 𝑒𝑧𝑗𝑗

 

where: 

𝑧𝑐= score for class 𝑐 

Final prediction: 

𝑦̂ = arg⁡max⁡ 𝑃(𝑦 ∣ 𝑥) 

E. Evaluation Module 

 The performance of the system is evaluated using accuracy: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

where: 

TP = True Positive, 

TN = True Negative, 

FP = False Positive, 

FN = False Negative. 

Table 2 Module-Based Implementation with Techniques 

Module Name Function 
Technique 

Used 

Input & 

Preprocessing 

Image acquisition 

and cleaning 

Normalization, 

Noise removal 

Feature 

Extraction 

Extract image 

features 

CNN 

(Convolution + 

ReLU) 

Region 

Proposal 

Identify defect 

regions 

RCNN 

(Selective 

Search) 

Classification Classify defects 
Softmax 

Classifier 

Evaluation 
Measure 

performance 

Accuracy 

Metric 

Vii. Experimental Results And Analysis 

  The effectiveness of the proposed railway track fault detection framework is assessed using widely 

accepted performance metrics, including Accuracy, Precision, Recall, and F1-Score. The experimental dataset 

contains both defective and non-defective railway track images acquired under diverse environmental and 

operational conditions. To ensure a fair and reliable assessment, the dataset is partitioned into training and testing 

subsets using an 80:20 ratio. 

 The proposed CNN–RCNN-based framework is evaluated against conventional machine learning 

techniques and existing deep learning models to validate its superiority in railway defect detection. The 

comparative analysis highlights the capability of the proposed approach to achieve improved detection accuracy 

and robust classification performance. The evaluation metrics used for performance assessment are defined as 

follows: 

Accuracy measures the overall correctness of the model.  

• Precision indicates the proportion of correctly predicted defective tracks.  
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• Recall measures the model's ability to detect actual defects.  

• F1-Score represents the harmonic mean of precision and recall.  

 The experimental results show that the proposed model achieves superior performance due to its ability 

to extract deep features and accurately localize defects using region-based detection. 

Table 5: Performance Comparison of Different Models for Railway Track Fault Detection 

Model 
Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-

Score 

(%) 

SVM 82 80 81 80 

Random 

Forest 
86 85 84 84 

CNN 91 90 89 89 

Faster 

RCNN 
93 92 91 91 

CNN + 

RCNN 

(Proposed) 

95 94 93 93 

7.1 Analysis of Result 

 From Table 5, it can be observed that the proposed CNN–RCNN framework achieves superior 

performance compared to all other evaluated models in terms of accuracy and overall reliability. Conventional 

machine learning algorithms such as Support Vector Machine (SVM) and Random Forest exhibit comparatively 

lower performance because they depend heavily on manually engineered features for classification. The 

standalone CNN model improves classification effectiveness by automatically learning and extracting meaningful 

features from railway track images.  

 However, its ability to accurately localize defect regions is limited. Faster RCNN enhances defect 

identification by detecting regions of interest and performing object localization, but it still faces challenges in 

capturing comprehensive feature representations. The proposed hybrid CNN–RCNN approach combines the 

feature extraction capability of CNN with the localization strength of RCNN, resulting in enhanced defect 

detection and classification performance. The framework successfully identifies railway track cracks and 

structural defects with high accuracy, even under diverse lighting conditions and varying environmental scenarios, 

demonstrating its robustness and practical applicability for real-time railway track inspection. 

7.2 Output /Visualization Results 

 

Fig 2: Home Page 
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 The home page provides an overview of the system with a title and brief introduction about railway track 

fault detection. It includes navigation options like Home, Upload Image, and Detection. A “Get Started” button 

allows users to begin the process easily. 

 

Fig 3: Detection page 

 The image upload page allows users to upload railway track images for analysis. It contains a drag-and-

drop or browse option to select images. Instructions are provided to ensure proper image format and quality. 

 

Fig 4: Result page 

 The detection page displays the uploaded image with highlighted fault regions using bounding boxes. It 

shows the result as “Defective” along with detected issues like cracks or broken tracks. This helps users quickly 

identify problem areas. 

 

Fig 5: Result page 

 The detection page shows the uploaded image without any highlighted faults. The result is displayed as 

“Non-Defective”, indicating the track is in good condition. It confirms that no major issues are detected. 

Viii. Discussion 

The proposed deep learning framework utilizing Region-Based Convolutional Neural Networks (R-CNN) exhibits 

strong effectiveness in accurately detecting railway track defects from image-based data. Through region-oriented 
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feature extraction and analysis, the system successfully identifies various track abnormalities, including cracks, 

misalignments, and surface defects, with high detection accuracy. Compared with conventional image processing 

methods, the proposed framework delivers superior performance, particularly when operating under challenging 

conditions such as complex backgrounds, illumination variations, and environmental disturbances. The adoption 

of deep learning techniques minimizes dependence on manual inspection procedures, thereby improving 

operational efficiency, reducing inspection time, and enhancing railway safety. Furthermore, the framework 

provides a reliable mechanism for continuous monitoring and proactive maintenance planning. However, the 

effectiveness of the model is influenced by the availability of extensive, accurately annotated datasets for training 

and validation. In addition, the computational requirements associated with deep learning architectures may pose 

challenges during large-scale deployment. Despite these limitations, the proposed framework offers a scalable, 

efficient, and dependable solution for automated railway track inspection and monitoring applications. 

Ix. Conclusion 

This paper presented a deep learning-based railway track fault detection framework employing Region-Based 

Convolutional Neural Networks (R-CNN) for automated railway infrastructure inspection. The proposed 

approach eliminates many limitations associated with traditional manual inspection techniques by providing an 

intelligent and automated defect detection mechanism capable of operating under diverse environmental 

conditions. 

 The developed system effectively identifies railway track defects while minimizing false alarm rates and 

supporting real-time monitoring through camera-acquired image data. Its automated nature enhances inspection 

efficiency, reduces maintenance costs, and improves overall railway safety. Experimental evaluations demonstrate 

the robustness, reliability, and high detection performance of the proposed framework. Consequently, the system 

represents a significant advancement toward the development of smart, automated, and scalable railway 

surveillance and maintenance solutions. 
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