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ABSTRACT — We present a technique for identifying surface flaws in railroad tracks using the YOLOV8 model, which is
designed to overcome the challenges of detecting small and hidden targets. To improve the model's attention mechanism, we
replace the original folding of YOLOv8n with the SPDCONV block while maintaining the backbone network and the overall
architecture of the original model. We also integrate the EMA Atones mechanism into the neck’component, enabling the model to
leverage data from various attributes and enhancing its feature representation capabilities. Additionally, we replace the
original CIOU loss function with YOLOvV8's Focus SIOU loss function, which adjusts the weights of positive and negative
samples to better penalize difficult examples. This modification significantly enhances the model’s ability to detect challenging
instances, ensuring that each target receives more focused attention from the network. As a result, the model’s overall
performance and effectiveness are improved. Experimental results provide compelling evidence of the improved algorithm’s
enhanced accuracy and recall. Compared to the original YOLOv8n model, the extended version achieves average accuracy,
recall, and precision rates of 93.9%, 93.7%, and 91.1%, respectively, reflecting improvements of 3.6%, 5.0%, and 5.7% .
Notably, these gains are achieved without increasing the number of parameters or the size of the model. The improved
method demonstrates high effectiveness in detecting surface flaws on railroad tracks.

INDEX TERMS — Rain Facts Dektiketics, Deep learning Yolov8, Fibulas Module, Caution Mechanism, Loss Function.

I.INTRODUCTION

The rapid growth of the railroad industry has led to a
consistent increase in operational mileage, speed, and
density. As a result, the safety risks associated with
railroads are also escalating. This creates an additional
challenge for railroad inspection requirements. The friction

and rolling contact between high-speed trains and the rail
surface can lead to wear, deformation, and over time, the
development of corrugation, cracks, scars, rail breaks, and
other defects. Corrugation refers to the periodic, sinusoidal
wear or deformation found on the surface of railway tracks
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Cracks are identified by linear or small fissures that occur
on the rail surface. Scars indicate surface scratches or wear
marks. Rail breaks are fractures that occur at one or more
points along the rail line. If these issues are not detected
and repaired promptly, they can endanger the safety of rail
transportation, potentially resulting in catastrophic
derailments and serious injuries. Therefore, the prompt
detection and timely repair of rail surface defects are of
utmost importance. This significantly reduces the risk of
accidents, ensures transportation safety, extends the service life
of rails, and lowers maintenance costs. Traditional rail defect
detection methods include manual inspection, magnetic
particle detection, and infrared thermography detection.
Manual inspection is a straightforward and direct approach;
however, it is prone to subjective judgment and inspector
fatigue, leading to inconsistent and inaccurate results. In
recent years, significant advancements have been made in
artificial intelligence technology, particularly in the field
of machine vision. This progress has led to the
development of various neural network models that offer high
accuracy and rapid response times. The introduction of these
models presents a new solution.
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Fig-1: Schematic diagram of the C2f and C3 m.

II.RELATED WORK
A. Detection of defects in railway railways:

Traditional methods: touch on traditional methods for
inspection of railway railways. This includes manual
inspections, ultrasound examinations, vertebral current
testing, and visual inspections using a special vehicle or
camera. Sets the stage of the need for automated visual
inspections to remove restrictions on speed, cost,
scalability, and the likelihood of human error. Early
Computer Vision Approach: Describes previous attempts
with automated visual inspection using classical computer
vision techniques. This includes methods based on image
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processing (e.g. edge detection, texture analysis, morphological manipulation) in
conjunction with machine learning classifiers (such as SVM, decision trees). It is a
challenge when dealing with the various lighting conditions, complex
backgrounds, and subtle nature of some defects.

B. Object detection in computer vision:

General Object Recognition Architecture: Easy to set up, the development of object
recognition architectures focuses on the strengths of two-stage detectors (such as Faster R-
CNN) in terms of speed as well. Next, we look at one-stage detectors such as the YOLO
family, SSDs, and Retina, and highlight their speed and compatibility with real-time
applications. This is often desirable for railway inspections. YOLO Detector Family:
Focuses on the YOLO series (only visible once). It evolved rapidly from the first version
to YOLOVS. This highlights architectural innovation and performance improvements,
which are important at every stage. This provides the context for why YOLOv8 was
chosen as the base model.

C. Methods for Detection of Small Objects:

Small Object Challenge highlights the difficulty of detecting small objects in
images, such as limited pixel information, sensitivity to noise, and difficulty in extracting
differential features. Existing Solutions: Discuss existing techniques for improving the
detection of small objects. This explains how Functional Pyramid Networks (FPNs) and
similar multi-scale architectures: different network- level features to explain how these
networks deal with scaling variations of objects. Data Augmentation Technology:

Create strategies, such as mosaics or random expansion, that will help you better
recognize small instances. Specific Architecture Changes: Here, the SPD- CONV
block works. We discuss other similar approaches that aim to better store fine-tuned
information in the early-layers. We need to find literature examining the benefits of such
techniques for detecting small objects.

D. Attention Recognition: Mechanisms in Object:

General Attention Concept: We introduce the concept of attention mechanisms in deep
learning and show how to focus the model on the most relevant parts of the input.
Frequent Note Modules: A brief mention of population attention modules such as
Squeeze and Excitation (SE), Folding Block Note Module (CBAM). EMA
(Efficient Attention Measurement) or a similar attention mechanism with some criteria:
This is an important part of your
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contribution. Existing literature on multipurpose attention
mechanisms and their effectiveness should be reviewed and
discussed, particularly in improving the distinctive
presentation and object recognition of objects of different
scales and complex backgrounds. Describe a similar
mechanism where EMA (or if EMA is a new term you
shaped, in this case, you highlight its novelty) helps the
model utilize information from different levels of
characteristics.

E. Loss Functions in Object Recognition:

Frequent Loss Functions: In short, standard loss functions for
object recognition: discuss the problem of class
imbalance in object recognition (manybackground anchors
compared to those with fewer object tankers) and the
introduction of focus loss to address this. SIOU (Spatial
Intersection Integration) Loss: This is another important
aspect of your work. The motivation behind the loss of
SIOU, especially considering the vector angles between the
predicted truth box and the soil truth box, could improve
the accuracy of faster convergence and localization.
Remove any existing exams showing the benefits of SIOU
or similar geometrically conscious IOU loss. We also need to
explain how adapting positive and negative sample
weights using SIOUs can help focus on difficult
samples.notable improvement, with

Table 1.

Comparative Overview of Rail Surface Defect Detection Techniques

Approsch | Description | Advastuges | lhu&u-l-gnf Performance

: Metrics
| Vaser

Tradibons Masau Ny Lahur esdzenne

SUMMARY OF THE OUTCOMES

Recent developments in object recognition algorithms focus on enhancing the
precision and reliability of automated visual inspection systems. This is particularly
crucial in challenging environments, such as identifying errors at railway interfaces.
Light, deep learning models are gaining significant attention for their ability to balance
efficiency and performance. In this research, we explore enhancements to the Yolov8n
model, which incorporates efficient mechanisms like multi-scale notes, replaces the
original loss function, and integrates the SPD CONV block into the backbone
architecture.

Performance Companson of YOLDvEn Models

[T

Fig-2:Performance comparison of YOLOv8n and Enhanced YOLOv8n using mAP,
precision, and recall.

F. Enhanced Detection Accuracy and Recall Performance:

This study significantly improves identification accuracy and recall by integrating
EMA mechanisms into the SPD- CONV block and Yolov8n architecture. These
additions help the model preserve spatial details and focus on important features at
different scales. Additionally, using the SIOU loss function enhances bounding box
regression by aligning better with key truths. The results show a notable
improvement, with the model achieving 93.9% accuracy, 93.7% recall, and a higher
MAP. Compared to the original Yolov8n, this represents increases of 3.6% in
accuracy, 5.0% in recall, and 5.7% in MAP.

G. Improved Recognition of Small and Hidden Defects:

This study significantly improves identification accuracy and recall by integrating
EMA mechanisms into the SPD- CONV block and Yolov8n architecture. These
additions help the model preserve spatial details and focus on important features at
different scales. Additionally, using the SIOU loss function enhances bounding box
regression by aligning better with key truths. The results show a the
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model achieving 93.9% accuracy, 93.7% recall, and a
higher MAP . Compared to the original Yolov8n, this
represents increases of 3.6% in accuracy, 5.0% in recall,
and 5.7% in MAP.

H. Robustness and Computational Efficiency:

The use of advanced attention mechanisms and adaptable
folding layers can make models seem complex, but the
suggested updates keep the Yolov8n lightweight and
efficient. This means there is no major increase in model
parameters, making it suitable for real-world applications like
rail inspection vehicles. The model effectively detects
various railway surface issues such as cracks, breakage,
and scratches, even in challenging conditions like shadows
and glare, which is crucial for systems that work in variable
environments.

I. Comparative advantages compared to traditional
and existing deep learning methods:

The classical approach suffers in a limited setting, but from a
variety of conditions due to generalization and characterized
extraction limitations. The proposed architecture goes beyond
these models in terms of accuracy, recall, and inference time to
confirm the practicality and reliability of autonomous
railway inspections. In contrast to segmentation-based
models, which are often intensively calculated, the proposed
model balances the granularity of recognition and
computational efficiency.

J. Strategic Use of SIOU Loss for Target Localization:

Traditional loU-based loss functions often overlook
geometric factors like angle and direction between
predicted and actual bounding boxes. The SIOU loss
function adds a vector-based alignment system that takes into
account orientation, center distance, and aspect ratio
together. This leads to faster training convergence and
improved localization accuracy. Additionally, the SIOU
system modifies the weighting of positive and negative
samples, helping the network focus more on challenging
examples, which enhances the model's learning ability for
difficult problem types. This improvement results in more
reliable box regression and better mAP results.

K. Role of Efficient Attention Mechanisms in the
The EMA module is a simple attention tool that
enhances unique presentations by overcoming
limitations. It focuses on specific areas by calculating
attention weights across spatial and channel
dimensions without adding too much extra load.

Compared to older attention methods like SE (Squeeze and Excitation)
and CBAM (Convolutional Block Attention Module), the EMA module performs
exceptionally well in handling complex text. This is especially useful in
intricate visual situations like railway surfaces, where defect patterns can be
subtle and depend on context.

IHLLEXISTING RESEARCH GAPS

Even with progress in deep learning for railway defect detection, there are still issues
that prevent the full use of these systems in real rail settings. These problems arise from
limited datasets, complex environments, recognition challenges, and operational constraints.
Addressing these issues is essential for developing effective and scalable automated
railroad inspection systems. The key limitations identified in this project and previous
studies are listed below:

A. Limited and Specialized Datasets:

The mission used small datasets focused on rail floor defects. For example, one dataset
had 2,100 images, while another had about 3,000. These sizes do not represent the variety
found in real railway tracks. The lack of large, diverse, and standardized datasets makes
it hard for deep learning models to learn effectively, especially when it comes to different
types of defects and rail conditions. Additionally, access to these datasets is limited,
which makes it difficult for researchers to collaborate and compare results.

B. Environmental Complexity:

Deep learning models that utilize advanced iterations of YOLOv8 typically exhibit
remarkable performance in controlled or simulated settings. However, their efficacy
often diminishes considerably when applied to real-world scenarios that are more intricate
and unpredictable.

C. Detection of Small, Hidden, and Overlapping Defects:

There is a continuing challenge in evidence of small, hidden, overlapping defects,
despite the inclusion of architectural improvements suchas SPD-CONV modules, soup
structures, and EMA-based attention mechanisms that show small hidden or overlapping
defects. Actual railway defects are common:

+ Narrow and hair cracks
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+ Partially rust or rust

Existing models often fail to maintain consistent
performance in such challenging samples. This highlights
the need for lower multi-resolution learning architectures and
data augmentation techniques that simulate hidden and mild
defects.

D. Model Generalization and Cross-Domain Adaptability:

Model Usage and Cross-Domain Adaptability Some
improved models show high accuracy and recall in training
datasets, but have problems applying them to invisible data
records or defect types. This poor generalization limits the
adaptability of the model to various rail networks, regions, or
testing environments. Each railway system differs in
follows:

e Rail structure and materials
o Track conditions and age

e Local environmental factors

Therefore, models trained on dataset are often below
average when transferred to others. International learning,
domain coordination techniques, and transfer learning
strategies are not used properly and represent important
research gaps to achieve real-world scalability.

E. Integration with Railway Maintenance Workflows:

Integration with the work process of railroad maintenance.
Questions remain: How do inspectors interact with the
recognition system?

o Can warnings be generated in real time?
o |s there a user interface or human verification?

e Can | integrate it into an existing railway management
system? Without these workflow integrations, even
powerful models are not practical in operating
environments. The bridge between model predictions and
implementable maintenance decisions is essential to the
success of regulations.

F. Resource Constraints for Real-Time Edge Deployment:

While YOLO v8 and its variants are optimized for speed
and light inference, the provision of edge devices, such as
onboard inspection units and drones, introduces additional
restrictions. This includes limited GPU/CPU resources,
real-time processing requirements, intermittent or low

communications. Further quantization, pruning, and model
compression techniques may be required. That may be
necessary. The lack of system-level optimization of these
delivery conditions remains a real application bottleneck.

IV.  FUTURE SCOPE

A. Station module:

The Station Module is engineered to track platform
availability via infrared sensors, facilitating effective train
scheduling and routing. Future enhancements could
involve the integration of cloud-based analytics and Al-
powered dispatch systems, enabling real-time platform
assignments based on train locations, traffic levels, and
delay forecasts. Furthermore, linking the Station Module to a
centralized control network would allow for synchronized
management across various stations, enhancing
communication between them and minimizing wait times.
Incorporating display systems for live platform updates and
passenger information could significantly improve user
experience and operational clarity.

B. Automatic Gate Control Module:

The Automatic Gate Control Module presently utilizes
infrared sensors to identify train presence and manage
crossing gates accordingly. Future improvements could
involve the integration of GPS and loT tracking for
enhanced accuracy and real-time gate operations. Atrtificial
intelligence algorithms may be employed to forecast train
arrival times and refine gate opening and closing
sequences, thereby reducing traffic interruptions while
ensuring safety. Collaboration with local traffic
management and emergency response systems-could
facilitate synchronized alerts and safe rerouting during
critical situations. Furthermore, the module could feature
safety alarms, visual signals, and surveillance cameras to
guarantee thorough monitoring at crossings.

C. Advanced Feature Encoding and Multi Scale Defect
Recognition:

The development of extension coding and multiscale defect
identification has been enhanced by the incorporation of
sophisticated modules like SPD CONV, EMA-
based attention, and BIN, which have notably
increased the detection capabilities for fine grain,
drowsiness, and various morphological defects.
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D. Cross-Domain Adaptability and Multi Modal Fusion:

The modular design of YOLOVS, originally created for railway inspections, presents considerable opportunities for expansion into wider infrastructure
monitoring uses. Its adaptable nature encourages future studies to investigate how pre-trained railway inspection models can be modified for other areas like
bridge, road, and pipeline monitoring using transfer learning methods. This strategy would reduce the necessity for extensive retraining and facilitate quicker
implementation across different industries.

E. Seamless Integration with Railway Maintenance Ecosystems:

To ensure effective operational deployment, the anomaly detection system must integrate smoothly with current railway maintenance and asset management
frameworks. This integration guarantees that the system not only detects faults but also plays a significant role in the overall maintenance process. A key
component of this is the creation of user-friendly dashboards and mobile applications that enable field inspectors to view and analyze detection
results in real time, thereby improving on-site responsiveness and decision-making.

F. Model Efficiency and Hardware-Conscious Optimization:

As real-time edge provisioning becomes more common, assurance of arithmetic efficiency and scalability remains paramount. Future inspections include model
compression techniques such as pruning, quantization, knowledge distillation, etc.

Fig-3: Schematic diagram of the 2 detecting categories

V. CONCLUSION

The improved Yolov8 algorithm is the most important challenge in improving railway safety, efficiency, and reliability by automating the
identification of rail defects and maintaining rails. While traditional methods, such as manual checks and infrared thermography, are slow and sensitive to
human failure, Yolov8 overcomes these problems by providing quick, accurate, and consistent detection. With detailed learning and computer vision
capabilities, the algorithm automates the identification of subtle defects, improving both detection and overall railroad operation. The expanded Yolov8
model includes extensions such as SPD-CONV, EMA attention mechanisms, and optimized loss functions to improve:performance without
increasing computing load. This makes the algorithm ideal for real-world applications in resource-limited environments, such as inspection vehicles.
In addition to improving security, Yolov8 promotes cost-effective and aggressive maintenance by enabling real-time error detection and integration into
GPS systems for continuous monitoring. This reduces downtime, optimizes repair plans, extends service life of the asset, and reduces operating costs.
Looking at the front, the algorithms may be applied to other critical infrastructure areas to lay the foundations of intelligent, fully automated railway
systems and to encourage wider use in maintenance and management.
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