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ABSTRACT:

Due to rapid increase in usage of railway transformation across the world due to its multiple
benefits such as cost effectiveness, reliability and environment friendliness for long distance
transportation of passengers and goods. Thus it becomes extremely significant to detect the foreign
objects intrusion on the high speed railway lines and its track beds to safeguarding train operations.
Traditionally many Object detection methods have been employed to detect the foreign objects in railway
lines to enhance safety, operational efficiency, and the overall reliability of rail transportation. Despite of
several advantages, those architectures fails to address the following challenges such as feature
extraction and aggregation of the object detection and recognition approaches increase the complexity of
the model and it leads to poor efficiency in detecting the variation in the object appearance due to
viewpoint, deformation , occlusion and lightening conditions. In this paper, new fast sort Yolov11 object
detection architecture is designed to enhance the detection accuracy and reduce complexity of the model
on incorporation of attention mechanism to detect the foreign objects in railway track and railway lines
particularly small and occluded object effectively. In this work, RailFOD23 dataset is extracted from
Figshare repository for training and testing the model which gathered data using LiDAR, radar, thermal
imaging, and sensor networks. Proposed architecture is composed of multiple components to perform
object detection. Initially extracted data is applied to backbone component which contains DenseNet121
architecture is to segment and extract the features of the image through convolution layer and fully
connected layer of the model. Extracted features are employed to Neck component which performs
feature aggregation for better feature presentations. Finally aggregated features is processed in the head
component which detect and classify the foreign object in both railway line and railway track with high
detection accurately and efficiency. Experimental analysis of the proposed model is performed and it is
identified to efficient to process diverse objects such as trains, maintenance equipment, trespassers, or
obstructions. Further performance analysis of the model is performed on basis of detection accuracy and
detection efficiency, proposed model produces 97.2% accuracy and it is proved to be highly efficient
while compared to existing object detection architectures.

KEYWORDS: Artificial intelligence, Object detection, Object Recognition, Deep learning, RailFOD23
dataset, YoloV11 architecture, Attention Mechanism

1. INTRODUCTION commercial hubs, and isolated areas across nations
and continents. They support economic growth

Modern transit is based on the railway ;4 development by acting as the foundation of

system, which makes it easier to carry people and
products over long distances. The sustained
success of railway networks depends critically on
maintaining their safety, dependability, and
effectiveness. These objectives can be greatly
advanced by object detection along railway lines.
In order to enable prompt intervention and
preventative measures, it entails the identification
and classification of objects or abnormalities that
could have an influence on railway operations [1].
Railway networks connect urban centres,

trade and transportation. These networks require
sophisticated technologies for preserving safety,
improving operations, and reducing disruptions
because to their sheer size and complexity [2].

Object detection in railway lines handles a
wide range of issues, including preventing train
crashes with obstacles, keeping an eye on track
conditions, preventing unauthorised access, and
even detecting wildlife crossings [3]. The capacity
to recognise and react to objects or occurrences
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along the railway lines has wundergone a
revolutionary change because to technological
advancements, particularly in the areas of
computer vision, sensors, and machine learning. In
addition to enhancing safety and operational
effectiveness, this field has helped the train
industry  continue its continuing digital
transformation[4]. The techniques used to detect
objects range greatly, from conventional sensor-
based systems to state-of-the-art machine learning
algorithms. A few examples of the technology used
to identify objects and abnormalities are LiDAR,
radar, cameras, and thermal imaging. These
systems are essential for asset protection, traffic

management, and predictive maintenance in
addition to immediate safety  concerns.
Additionally, this system sets the stage for

comprehending the relevance of object detection
on railway lines and gives an overview of its
significance in contemporary rail transportation.
Fig 1 shows the vision-based obstacles detection.

[5]

Traditionally many Object detection
methods have been employed to detect the foreign
objects in railway lines to enhance safety,
operational efficiency, and the overall reliability of
rail transportation. Despite of several advantages,
those architectures fails to address the following
challenges such as feature extraction and
aggregation of the object detection and recognition
approaches increase the complexity of the model
and it leads to poor efficiency in detecting the
variation in the object appearance due to
viewpoint, deformation , occlusion and lightening
conditions. In this paper, new fast sort Yolovl1l
object detection architecture[6] is designed to
enhance the detection accuracy and reduce
complexity of the model on incorporation of
attention mechanism to detect the foreign objects
in railway track and railway lines particularly
small and occluded object effectively.

Foreign,__
Object

Figure 1: Object Detection Prototype in the
Railway lines

RailFOD23 dataset[7] is extracted from Figshare
repository for training and testing the model
which gathered data using LiDAR, radar, thermal
imaging, and sensor networks[8]. Proposed
architecture is composed of multiple components
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to perform object detection. Initially extracted data
is applied to backbone component which contains
DenseNet121 architecture is to segment and
extract the features of the image through
convolution layer and fully connected layer of the
model. Extracted features are employed to Neck
component which performs feature aggregation
for better feature presentations. Finally aggregated
features is processed in the head component which
detect and classify the foreign object in both
railway line and railway track with high detection
accurately and efficiency.

The remaining part of the article is sectioned as
follows, section 2 mentions the review of literature
related to object detection technique for foreign
object detection and classification in railways.
Section 3 defines the proposed methodology for
enhancing object detection and classification
accuracy of the foreign objects occurrence in
railway lines and tracks using a new fast sort
yolovll architecture. Section 4 discusses the
experimental results along performance analysis of
proposed model against the existing object
detection architecture with respect to the
detection accuracy. Finally section 5 concludes the
article

2. RELATED WORK

In this section, various literature on basis
of object detection and classification architectures
towards foreign object detection in the railway line
and railway tracks has been analysed on multiple
aspects are follows

Cristian wisultschew, et.al,[1]
implemented an embedded implementation for
real-time object detection and tracking algorithm
which is used within level crossing scenarios. The
literature presents mechanism to reduce the
number of accidents in  high-risk areas by
monitoring the railway level crossing to inform the
train driver about the existence of possible
obstacles, warrantying a fast response to avoid
potential accidents..

Maoli wang, et.al[2] proposed a MRCNN
to edge position defects which occurs in rail
surface through processing information about
small size defects using feature extraction, and
semantic segmentation.

3. PROPOSED MODEL

In this section, design of new fast sort
YoloV11l architecture composed of multiple
processing components to perform foreign object
detection in railway lines and railway tracks are as
follows
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3.1. Backbone Network -DenseNet121

Backbone Network acts as object
segmentation and feature extraction module or
component. It incorporates DenseNetl121
architecture[11] from  convolution Neural
Network. DenseNet121 composed of multiple
convolution layers with different convolution and
kernel function to segment the small and occluded
object effectively. Furthermore, it supports multi-
object segmentation, identifying multiple instances
of the same object class within a single image, a
valuable feature in scenarios with numerous
objects of the same category.

Segmentation model can generate region
proposals or superpixels, grouping contiguous
pixels with the same semantic label, creating
coherent regions that serve as candidate regions
for subsequent object detection. Additionally, it
allows the generation of regions of interest (ROIs),
pinpointing areas in the image where objects are
present[12]. The precise delineation of object
boundaries by semantic segmentation guides
object detection algorithms to localize objects
more accurately.Those extracted objects are
further extracted using different convolutions to
extract the features of multiple scales. Processing
step of the backbone network towards object
segmentation and classification is as follows

e Convolution Layer

Convolution layer perform segmentation
and feature extraction process simultaneously on
training data. Initially convolution layer uses
kernel function[13] to extract the region of interest
of the object on basis of the variation in pixel
intensity and it is represented as image segments.
Segmentation process is as follows

Represents the image as g(x,y)

Compute mean and standard deviation for
each pixel of the image

If (g(xLy1)>(g(x2,y2)

Segment the g(x1,yl) separately from
g(x2,y2) and represents g(x1,y1) as segment 1 and
g(x2,y2) as segment 2

Each segment is further processed different
convolution layer with kernel function and
activation function to extract the features. Those
features are considered as low level feature and it
is organized in form feature map.

Convolution Layer C = Kernel (Image Segment)

Extract low level features (Color, Intensity
and texture)
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Feature Map Fm = Y-, f (x;, yi)wW

Where W is the segmented window and f(xiyi) is
the feature of the segment.

e Max Pooling Layer

Max Pooling layer is considered as down
sampling layer which down samples the image
features of the segment. Down sampling operation
of the max pooling layer obtain the high level
features on incorporating spatial and temporal
attention mechanism to extract the spatial features
and temporal features separately. It produces the
spatial feature and temporal features of the
segment. High level feature map of the segment of
spatial and temporal feature are represented as

Spatial Feature map HSFm= Y1, sf (x;, Vi)

Temporal Feature HTFm=

=0 Tf (xi y)w

Where SF is spatial feature and TF is temporal
features.

map

3.1.2. Neck Component

Neck Component performs the aggregation of
the spatially and temporal features to enhance the
feature presentation. Further Neck components
aggregate the multilevel spatial features[14] and
multilevel temporal features on basis of the
gradient  association.  Gradient association
determines the correlation of the feature on
specified gradient of the image. Associated spatial
and temporal feature on the specified gradient is
transformed into unique spatial representation.

Testing phase Training phase

Input frack image or capture Trainobjeds cdlefiedlmm
through amera Robofiow
YAML FILE
Preprocessing
Image resizing

YOLO based model construction

Noise filtering - Median filtering

Features Extraction

Color, shape and texture features

Classifyfeatures with

Match with model fle YOLO mockl

Empty track or objects defedtion

Figure 2: Proposed architecture

Figure 2 represent the architecture of the
proposed model. Especially Neck component uses
the convolution layer of the backbone to process
spatial feature maps and temporal features map
towards aggregation and transition of features
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resultant feature is
feature for object

Further
essential

with  Kkernel.
considered as
detection[15].

Feature Aggregation AFm =G¢f(HSFm + HTFm)

Feature Transition Ts = T(HTFm)s

Where Gr is image gradient and T(HTFm)s is
transistion of feature into spatial feature

3.1.3. Head Component

Head Component acts as detection
mechanism towards object localization and
classification on processing feature map as fully
connected layer. Fully connected layer of neck
component composed of activation function,
softmax function and loss function[16]. Activation
function linearize the feature map and softmax
function uses the classifier to generates the object
classes with bounding box coordinates[17] and
classes labels to image segments with different
occlusions.

1
Cr=—(¥; (AFn )

Where N is number of feature , Yi is a Classifier
function

Further softmax function computes the
object score to differentiate the object between the
classes effectively. In this work, random forest
classifier is used as softmax function. Finally loss
function uses cross entropy function reduces the
over fitting and underfitting issues.

Algorithm 1: Fast Sort YoloV11
Input: RailFOD23 Dataset
Output: Obstacles Classes
Process ()
YoloV11 (DenseNet121 (}))
Backbone_Segmentation and Feature Extraction
0
Convolution Layer (Kernel Function, Image)
Feature Map = Low level Feature {Color,
Texture, Intensity}
Max Pooling Layer
Temporal Attention
Spatial Feature Map =
(FeatureMap)
4.2.1. Precision Analysis
Precision is to measure correctly selected
features to the foreign object class among the total
extracted features [18]. It is also represented as
ratio of correctly selected features among the total
extracted features to the particular object class. It
is represented as

-Spatial Attention &

Spatial feature

Precision = Eq.4

TP+FP ™"
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Temporal Feature Map =
feature (FeatureMap)
Neck Component_Feature Aggregation ()
Transition of Temporal feature into spatial
features
Aggregated Features of Spatial features
Head Component _Object Detection and
Classification()
Softmax_Random forest Classifier Function ()
Object Score( aggregated Feature Map)
Class = {trains, maintenance equipment,
trespassers, or obstructions}

Temporal

4. Experimental Analysis

Experimental analysis and performance
analysis of the foreign object detection and
classification model in railway line and railway
track were as follows

4.1. Experimental Analysis

Experimental analysis is performed using
extracted RailFOD23 dataset in Google colab
python environment. Extracted dataset is
partitioned into training and testing data for model
training and model testing. Model training is
performed using hyperparameter setting of the
YoloV11 architecture to segment and detect the
foreign object occurrences in railway lines and
tracks. Table 1 represents the hyperparameter
values of the yolov11 model.

Table 1: Hyperparameter of YOLOV11 Model

Parameter Value
Learning Rate 108
Batch Size 20
Epoch 50
Activation Function ReLu
Softmax Function Random Forest

4.2. Performance analysis

Performance analysis of the model is performed
using test data. Test data of the model is processed
using Confusion matrix to obtain following
parameter to compute the efficiency of the model
is as follows

Where TP is considered as true positive and
FP is considered as false positive parameters of the
confusion matrix. Figure 3 represents the precision
analysis of the fast sort Yolovll model against
traditional yolo models
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Precision Analysis

WFast Sort Yolovll

myolovil

BYolovi0

Train Obstacle

Train Equipment

Foreign Objects

Figure 3: Precision Analysis

4.2. Recall

Precision is to measure incorrectly selected
features to the foreign object class among the total
extracted features [19]. It is also represented as
ratio of incorrectly selected features among the
total extracted features to the particular object
class. It is represented as

Recall = —— ..Eq.4
TP+FP

Where TN is considered as true negative, TP
is considered as true positive and FP is considered
as false positive parameters of the confusion
matrix. Figure 4 represents the Recall analysis of
the fast sort Yolov1l1 model against traditional yolo
models.

Recall Analysis

M Fast Sort Yolovll

Percentage
w
]

WYolovll

HYolov1d

Train Obstack

Train Equipment
Foreign Objects

Figure 4: Recall Analysis

4.3. Accuracy

Accuracy is defined as aggregation recall and
precision on detecting the features among the total
extracted features into different foreign object
classes[20]. It is also mentioned as correctly
selected features to foreign object class among
extracted features from the segment of the images.

It is represented as
— TP*T™N__ %100 ... Eq.6
TP+TN+FP+FN B

Where TN is considered as true negative, TP
is considered as true positive and FP is considered

Accuracy =
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as false positive parameters of the confusion
matrix. Figure 4 represents the Accuracy analysis
of the fast sort Yolovll model against traditional
yolo models.

Accuracy Analysis

M Fast Sort Yolovil

Percentage
w
<]

EYolovll

HYolov10

Train Obstacle

Train Equipment
Foreign Objects

Figure 5: Accuracy analysis

Finally performance of fast sort Yolov11
architecture performs better with detection
accuracy 97.2% on compared to conventional
approaches. Table 2 mentions the performance
evaluation of the yolo architectures in foreign
object detection.

Table 2: Performance Evaluation

Techniq | Classes Precisi | Reca | Accura
ue on 11 cy
Fast Sort | Trains 98.1 96.2 | 97.4
YoloV11l | Train 98.4 96.5 | 97.2

Equipme

nts

Obstacles | 98.8 96.4 | 97.6
YoloV11 | Trains 93.4 92.7 | 94.7

Train 93.6 92.8 | 94.3

Equipme

nts

Obstacles | 93.3 924 | 94.1
YoloV10 | Trains 91.6 90.1 | 91.6

Train 92.3 90.5 | 91.3

Equipme

nts

Obstacles | 93.7 90.2 | 91.7

6. CONCLUSION

In this work, fast sort Yolovll object
detection  architecture is  designed and
implemented to enhance the detection accuracy
and reduce complexity of the model on
incorporation of attention mechanism. Proposed
model is highly capable in detecting the foreign
objects in railway track and railway lines
particularly small and occluded object effectively
on processing the extracted RailFOD23 dataset
from Figshare repository. Proposed architecture
process the data towards segmentation and
detection on multiple components. In particular,
backbone component employs DenseNet121
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architecture is to segment and extract the features
of the image through convolution layer and fully
connected layer. Those Extracted features were
processed in Neck component to obtain feature
presentations. Finally aggregated features are
processed in the head component to detect and
classify the foreign object in both railway line and
railway track against and evolving situations with
high  detection accurately and efficiency.
Experimental analysis and performance analysis of
the proposed model is performed to detect and
classify diverse objects such as trains, maintenance
equipment, trespassers, or obstructions with
accuracy of 97.2% which is high compared to
existing object detection architectures. Further it
tracks the movement of trains, identifying the
presence of trespassers or unauthorized personnel
on rapidly changing conditions
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