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ABSTRACT

Level crossings pose a significant risk, and their use or misuse

can lead to serious accidents between railway vehicles and road
and footpath users who may sometimes behave unpredictably.
Currently, Great Britain has 7,500 level crossings and the Rail Safety
and Standards Board (RSSB) reported 3 fatalities and 385 near
misses in the year 2015-16. The Office of Rail and Road (ORR)
and RSSB have recommended the upgrading of the automated
technologies used at level crossings. For this purpose, automated
safety systems remain a key area for investigation for inclusion in
interlocking systems at level crossings. In this study, we propose a
solution to automate the operational cycle at level crossings using
deep learning technologies. The proposed solution will add another
layer of resilience to the safety system without the use of manual
operators at level crossings and ensure an interlocking system with
a safety integrity level (SIL) of 3-4.

The paper discusses the current technologies utilised at level
crossings along with the algorithms required for post-processing the
data. The proposed model integrates deep learning technology with
the current vision system, CCTV, to detect and localise an object at
a level crossing. Two approaches are discussed to train the neural
network: from scratch or using transfer learning techniques. Neural
networks along with their associated accuracy, which represent the
percentage of true predictions on the test dataset is mentioned as
well. Classification, detection and segmentation models are used

to classify, detect and localise objects like vehicles, bicycles and
pedestrians at level crossings. Neural networks trained from scratch
achieved an accuracy of 75%, networks trained for object detection
using transfer learning techniques achieved an accuracy from 58 to
82%, and the image segmentation model, Mask RCNN, achieved
an accuracy of 95% on test data. Finally, this paper discusses

some future work to improve the network’s accuracy and another
application of convolutional neural networks (CNN) using radar
sensing.

Dr Christopher Johnson is a Systems Engineering Team Leader at Park Signalling. Previously he
operated as a programme manager in Industry 4.0 at Manchester Metropolitan University and has a
distinguished track record in delivering impact through industrial partnerships as a recognised project
manager (APM-PMQ, SCQF Level 7). Working closely with the rail supply industry, Dr Johnson’s
background work has included synergistic, adaptive prognostic monitoring of rail assets, bespoke
image analysis techniques in the classification of surface born rail defects and pioneering the use of
adaptive learning techniques in the analysis of rail vehicle and track components.

INTRODUCTION

Railway level crossings represent some critical safety issues for

the railway industry and are therefore of great interest to authorities
charged with improving safety eg RSSB, Network Rail and

Office of Rail and Road (ORR) (Office for Rail and Road, 2017)".
Level crossings account for nearly half of the potentially higher

risk incidents on British railways, with misuse from road users
accounting for nearly 90% of the risk at level crossings over the last
five years. For Great Britain, there were three fatalities and 385 near
misses at level crossings in 2015-2016. Furthermore, in its annual
safety report, the Rail Safety and Standards Board (RSSB) (TSSA
2014)2 highlighted the risk of incidents at level crossings during
2016/17 with a further six fatalities at level crossings including four
pedestrians and two road vehicles (Office for Rail and Road, 2016)°.

Traditional intrusive sensors are installed either inside or on rail
lines (Darlington, 2017)*. Intrusive sensors are costly and disrupt the
rail system during their installation and maintenance, which further
increases the cost and shortens the product lifecycle (Petrov, 2011;
Darlington, 2017)%4. Intrusive sensors were replaced with non-
intrusive sensors (Ohta, 2005; Valera and A. Velastin, 2005; Kim

et al., 2012; Govoni et al., 2015; Horne et al., 2016; Leddar, 2018)
6789101 which are installed outside rail lines and do not affect the rail
system during installation and maintenance. Therefore, the product
is comparatively cheap with a longer product-lifecycle. Some post-
processing techniques are required to process the information
acquired from any of the above-mentioned sensors to analyse and
differentiate between obstacles present at the level crossings. Most
of these traditional algorithms detect the foreground by comparing
pixel values with background pixels. However, the environment at
level crossings is complex and dynamic with growing vegetation and
the presence of many harmless objects.



Traditional algorithms cannot detect complex texture, adapt to a sensing system. The paper uses different models, which are

dynamic background or avoid detection of unnecessary harmless trained using deep learning technology; from scratch and transfer
objects. To avoid these problems, the proposed work utilises “deep learning techniques along with their accuracy and results at real-site
learning” technology (LeCun, Bengio and Hinton, 2015)'2 integrated deployment. Finally, the paper gives some concluding remarks and
with the proposed vision system; CCTV. Deep learning technology suggestions for future work.

can learn representations from labelled pixels; hence it does not

depend on background pixels. Deep learning technology can METHODOLOGY

classify, detect and localise objects in the level crossing area. It

can classify and differentiate between a child and a small inanimate To select the most appropriate sensing system, a summary of
object, which was impossible with traditional algorithms. The system sensors is presented in Table 1, which are currently used or have
can detect an object regardless of its position, orientation and scale the potential for their applicability at level crossings. The work in
without any additional training because it learns representation from (Fayyaz et al., 2020)* discusses the limitations and preferability of
the data and not rely on background pixels. In the proposed system, each sensor. Table 1 strongly advocates the preferability of CCTV
deep learning technology is integrated with the existing vision for its application at level crossings because of its low cost and
system installed at level crossings, hence implementation cost is maintenance.

significantly reduced as well.
The traditional algorithms rely on calculating the background

This paper provides a summary of existing sensing systems and pixel values to model the background, which then confirms the
algorithms used at level crossings before discussing deep learning presence of the foreground using a predefined threshold value.
technology and its integration at level crossings with the video This method does not depend on the object features or recognise
Equipment Product life False Impact on
aulp Maintenance . P
cost cycle positive weather
Inductive Loops 5 5 4 4 4
Strain Gauge/ Piezometers 5 5 4 4 3
CcCcrv 2 3 2 3 3
Stereo Camera 3 4 2 3 3
Thermal Camera 4 2 2 2 2
SONAR 2 4 3 3 2
Millimeter-Wavelength Beam
= gt 4 4 1 3 4
Interference
Laser Range Finder Beam
3 4 2 5 4
(LRBF)
Light Detection and Rangin
€ ging 5 4 2 2 2
(LiDAR)
Radar 3 2 1 1 2

Table 1. A brief comparison of different sensors available at level crossings, where five represents the worst
choice and one represents the best choice for the given parameter

4b| Mixture of General Gaussian (MGG) ‘

4>| Kernel Density Estimartion (KDE) |
—I'{ Detection I
4b| Independent Component Analysis (ICA) |

Subspace - Subspace
Learning | Learning -IRT

29U81331d JO 19pI0

Support Vector
MMachine

MMachine -l N v
Learning » Deep Learning

Figure 1: A decision tree to demonstrate which sensor is prefered for its applicability at level crossings



objects from their specific properties, rather on the variation within
the background scene. This further suggests that any variation in
background scene due to change in lighting conditions or dynamic
environment eg, growing or moving vegetation would give false
positives. These false positives would pose a significant threat

to road or rail users. Also, the recovery time for most of these
mentioned algorithms is slow, which means more chances of failure,
which is undesirable for use at level crossings. To overcome these
problems, the work in (LeCun, Bengio and Hinton, 2015)" proposed
the use of the deep learning technique. Deep learning is a subset of
machine learning, which can automatically learn the representation
from the images and classify the given categories without any
supervision. It consists of multiple processing layers and can learn
representation using backpropagation algorithms. With enough
representations, very complex functions are learned and used for
different applications such as classification and detection. The deep
learning model learns features for the general-purpose avoiding the
need for human engineering, for example, the classification model
learns small features like edges, orientation and location to more
complex representations such as motifs or parts of objects with
assembled features. From such learned models, it can detect and
classify objects very effectively.

The model does not require any supervision or regular increment
of data to update the existing system. Another advantage of

deep learning is its ability to integrate with other existing sensing
systems eg a video system. A decision tree in Figure 1 is used to
demonstrate the preferability of these sensors for its applicability at
level crossings.

This paper aims to use deep learning technology, which is integrated
with the vision sensing system at a level crossing to classify and
detect an obstacle. The objects that may pose a threat to a train

or other users at a level crossing are vehicles, pedestrians (adult
and child) and bicycles, hence the model is trained to detect and
classify these particular objects during the operation cycle at a level
crossing. Convolutional neural networks (CNN), which are used

for image classification (Krizhevsky and Hinton, 2012)", detection
(Karpathy and Leung, 2014)"® and segmentation (Huang, Pedoeem
and Chen, no date; Redmon et al., 2016)'®"" are trained using

two different methods; from scratch and using transfer learning
techniques. Images are obtained for each required category from
an open source eg ImageNet and split into training and validation.
The training set of images are required to train the model, whereas
the validation dataset is used for evaluation of the model before its
deployment at the real site.

A traditional neural network is used as a base model for image
classification when training the network from scratch, where different
depths of convolutional neural network and regularisation techniques
are used to improve the accuracy of the model. To better understand
the effect of the convolution layer, often the visualisation of such
representations during the training process is used. Afterwards,

the transfer learning technique is used to train different pre-trained
neural networks along with their associated weights to retrain the
model on new datasets and its application at level crossings. The
pretrained neural network used are RetinaNet (Lin, Ai and Doll,
2018)'8, YOLO (Redmon et al., 2016)", tiny-YOLO (Huang, Pedoeem
and Chen, no date)'® and Mask-RCNN (Ren, He and Girshick,
2015)".

Trail # Change

Network’s Summary Accuracy

1 Traditional Neural Network (base)

1 Flatten Layer

2 Dense Layer 5%

2 Add Convolution Layers

2 Convolution Layer
2 Max. Pooling Layer 68%
2 Dense Layer

3 Add Regularisation

4 Convolution Layer
4 Max Pooling Layer
2 Dense Layer
1 Dropout Layer

75%

Table 2: Details of CNN's architecture used to train the model for classification using a traditional neural network

and a network with convolution layers
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Figure 2: Visual representation of a car at level crossing site. This visual above represents the features learned
from successive convolution layers within a neural network



RESULTS

CONVOLUTIONAL NEURAL NETWORK TRAINED FROM
SCRATCH

A public dataset from ImageNet is used to train and evaluate the
CNN model. To understand the effect of the convolution layer
(Dumoulin and Visin, 2016; Karpathy, 2018) 2°'® a traditional neural
network with only Flatten and dense layer is trained on the given
dataset, which achieved an accuracy of about 55%. With the addition
of two convolution layers and two max pooling layers (Ricco,
2017)* the accuracy increased from 55% to 68%. Where different
regularisation techniques are also used, an increase in the model’s
accuracy to 75% is obtained. The accuracy metrics represent the
percentage of true predictions on the test-dataset. The details of
these models along with their architecture and accuracy metrics are
summarised in Table 2.

To understand the convolution layer, a common practice is to
visualise the representations learned during the training process.
An image of a vehicle (car) present in the dynamic environment of
a level crossing is fed to the network and representation from each
subsequent layer is visualised as shown in Figure 2.

In the first layer, as shown in Figure 2, the activation from the

neural network has retained all the information from the given
image (eg car). It contains some edges or collection of apparent
edges that is interpretable by human eyes as well. The activations
or representations become more complex in deeper layers of the
neural network. They are more abstract and less interpretable.
These complex features correspond to the specific class rather than
a visual interpretation of the generic object. The black boxes in the
subsequent layers of the neural network demonstrate the sparsity of
the network. These black boxes represent that the pattern encoded
by the particular filter is not found in this particular location. As the
convolution neural network is fed with raw data containing specific
objects, the subsequent layers within the CNN learn relevant
information specific to the class and leaves irrelevant information

eg the visual appearance of the image. For this reason, any object
similar to the given object in the image regardless of its orientation
and size will be predicted accurately. The whole idea of retaining
generic information in the subsequent layers gave rise to “transfer
learning” techniques, where a notable model trained on millions of
images is used. The generic pattern learned on these models will be
used along with specific features learned from a small dataset fed to
the CNN.

CONVOLUTIONAL NEURAL NETWORK TRAINED USING
TRANSFER LEARNING TECHNIQUES

Neural networks, which are trained on millions of images, are used
to retrain the network on custom classes or images for a specific
problem. Transfer learning is achieved in three possible scenarios;
freeze all the layers except the last final layer, freeze first few layers
and retrain the remaining one and retrain the whole network with
new weight initialisation.

A common practice is to use notable models, which are trained on
millions of images and achieve state-of-the-art results and to feed
them with a custom dataset for specific classes. Table 3 shows

two notable models along with the summary of its parameters and
achieved accuracy. The accuracy achieved on a new custom dataset
using transfer learning is mentioned as well.

Many different data augmentations and regularisation techniques
could be used to further improve the accuracy of the networks.
However, accuracy beyond 75% is acceptable to validate and test
the new data for its application at a level crossing. The models

can predict at a rate of 15 frames per second (fps) with low
computational power, which suggests the efficiency and reliability of
these models for real-time application. The natural progression from
the classification is the localisation and detection of these objects at
level crossings. A summary of the models used for transfer learning
is mentioned in Table 4.

Once trained, the model is deployed at a real site for real-time
predictions. The results as shown in Figure 3 demonstrate the
effectiveness and reliability of these models for its applicability at
level crossings.

The accuracy and confidence of the YOLO network is higher than
that of the RetinaNet, which is roughly 82% + 10% but it did not
classify every single object, whereas the RetinaNet can predict all
objects within two distinct environments with an accuracy of 70%

+ 8%. Other networks eg, Mask-RCNN can detect and localise the
objects to the pixel-level precision compared with the bounding
boxes. Pixel-wise detection is called image segmentation. The
accuracy of Mask RCNN eg, 95% + 7% is highest compared to all
other networks used for its application at a level crossing as shown
in Figure 3.

CONCLUSION

This paper addresses the safety issue at level crossings and
requires an automated system for classification and detection to
automate the operational cycle. A brief introduction to sensors,
which are used or have the potential to be used at a level crossing
is mentioned along with some associated algorithms used for post-
processing the data acquired for real-time detection.

The paper demonstrates the effect of convolution layers on
traditional neural network and the representations learned during the
training of the network. The accuracy achieved from a CNN trained
from scratch is further increased using transfer learning techniques.
Particularly, the YOLO and Mask-RCNN can precisely classify and
localise objects in a dynamic background environment.

The network can correctly classify and predict objects in real-time,
which demonstrates its effectiveness and accessibility to replace
the manual operator at level crossings increasing the resilience

of the safety system. Furthermore, the model could be used for
objective risk analysis. The classification from the network is useful
data to analyse which particular objects frequently misuse the

level crossings and cause the greatest threat. Such information

will allow authorities to perform risk assessments more effectively.
For example, the real-world classification for level crossings
demonstrates that cyclists more frequently misuse level crossings,
posing a threat to themselves and the train driver. From the data, the
authorities can take precautionary measures and actions to avoid
such incidents and improve the safety of bicycle users.

The proposed network should be trained on a larger dataset
gathered from the same distribution (sites which strongly represent
the site of deployment). This will ensure that the network is not
overfitting (a state where a model precisely learns on training
examples but does not perform well on the new dataset). The
dataset will need to be from Great Britain only because other
countries deploy different technologies at level crossings or do not
use them, particularly in underdeveloped countries. The dataset
from different locations from within Great Britain will allow the user
to gather a large variance of images to avoid our network’s bias
towards one particular ethnicity.

As an alternative to using CCTV sensors (as described in this
paper), CNN could also be trained on images obtained from radar.
Radar imaging is a diverse application, which provides sufficient
information for CNN layers to learn representation and classify
objects. One such application is to use micro-Doppler signatures
from radar to train a new CNN model.
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