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Abstract

In the field of structural health monitoring, it is very important to quantify the impacting
loads to better estimate and track the remaining service life of the structure. For railway
bridges, it is therefore necessary to identify the passing trains. In current research projects,
such as ZEKISS (www.zekiss.de), this is often done using sensors, e.g., acceleration sensors.
The collected data is then analysed with respect to the impacting loads and possible changes
in the supporting structure. However, the determination of the passing train is complex and
the instrumentation of bridges with multiple sensors and a corresponding edge device is very
expensive and time consuming. In addition, due to the large number of ageing bridges, an
economical solution is needed. For those reasons, it is investigated how passing trains can be
identified using minimal hardware at minimal costs.

The following concept is proposed and tested. The first step is to classify different types of
trains as freight or passenger trains. This can be done using image recognition algorithms.
The hardware used should be as simple and inexpensive as possible so that it can be replicat-
ed for many bridges. Therefore, a single board computer with a camera module for image ac-
quisition and expandability for other components is used. In addition, the hardware is
extended to include lasers or photo sensors to classify train and wagon types using light bar-
riers. This can be done by the length and bogie of each wagon and using databases to match
the corresponding train. Distance and time can also be used to calculate the speed of the
train, which is useful for dynamic studies of the bridge and calibration of the sensors. With all
this together, a train and load recognition system is created.

Keywords: minimal hardware, machine learning, predictive maintenance

ISSN:2623-3347 © 2023 The Authors. Published by Eccomas Proceedia.
Peer-review under responsibility of the organizing committee of COMPDYN 2023.
doi: 10.7712/120123.10478.20409

1303



J. Broétzmann et. al.

1 INTRODUCTION

1.1 Motivation

In the rail sector, Germany has around 33,400 kilometres of track with more than 25,000
bridges [1]. The average bridge is about 85 years old and over 11,000 bridges are older than
100 years [2]. Thus, Germany must invest a lot of money in the rail sector in the next decades.
The agreement LuF'V III provides for the complete or partial renewal of a total of 2,000 bridg-
es by 2029 at a cost of around 86 billion euros [3]. This means that many bridges will still
need to be modernized after this period and the investment backlog will continue to grow. For
this reason, the other existing bridges must be closely monitored. This will ensure that they
can be used for as long as possible until they can be renewed themselves. To ensure an effec-
tive and, if possible, predictive monitoring, the digitalisation of monitoring and forecasting
concepts is crucial. The application of the latest technologies, which can help to maintain or
extend the service life of bridges, is of great economic importance in this sector [4].

Artificial Intelligence (Al) is one of the latest technologies that is disrupting a wide range
of industries [5]. Al-supported predictive maintenance is a promising solution for monitoring
a great number of bridges. This is the subject of ongoing research such as the research project
ZEKISS, in which the authors are intensively engaged [6]. ZEKISS is a German acronym,
meaning “condition assessment of railway bridges and vehicles with AI methods for the eval-
uation of sensor data and structural dynamic models”. Within this project, bridges in Germany
are instrumented with sensors, mainly acceleration sensors, to collect data about the structure.
This data is then processed and analysed with the help of Al to monitor the bridge and detect
defects. Al respectively machine learning is the study and development of algorithms that can
learn from the data collected. With the aim of predictive infrastructure diagnostics, the trained
algorithms can make conclusions and predictions based on the data. For example, the algo-
rithm can decide that the data set shows a defect on the bridge [7]. For humans this task is
complex and needs a lot of time whereas predictive maintenance algorithms can deal with this
quite good. Predictive maintenance approaches are designed to estimate the condition of
equipment to decide when maintenance should be performed, reducing costs, and increasing
productivity by performing tasks only when they are needed [8].

Nevertheless, instrumenting bridges with sensors is a time consuming and very expensive
undertaking. Experiences within the research project ZEKISS are showing this. That is why
this paper proposes another way of collecting data and determining the condition of the struc-
ture. To better diagnose the structure, it is very important to know the loads operating on it. If
the loads are recorded continuously, a better analysis of their impacts on the structure can be
done. By knowing respectively calculating the effect of the loads, a better prediction of the
remaining service life is possible [9]. At present, among other methods, costly and time-
consuming axle load measuring points are used to directly determine the impacting loads [10],
[11]. But these points cannot be installed near every bridge. Or it would be very expensive to
do so on the large number of ageing bridges. A cost-effective approach is therefore needed. In
addition, because of the distributed nature of the railway operators, a central database with
details of passing trains, such as loads and time-location information, is also required.

Here, the single board computer (SBC) comes to mind for applications that include ma-
chine learning and connectable sensors or IoT (Internet of Things) devices. Low-cost yet
powerful hardware is becoming increasingly available, in part due to the mass production of
these products. And with the high accessibility and applicability of these devices because of
the included operating system, even non-technical users can utilize them for their applications
[13]. The high sales figures of the Raspberry Pi, for example, prove the success of SBCs [14].

1304



J. Broétzmann et. al.

1.2  Research goals, contributions and methodology

The main goal of this paper is to help with predictive maintenance by collecting as much
data as possible about trains passing through. Economy and convenience need to be consid-
ered, as the data collection system proposed should be repeatable for many bridges. SBC and
machine learning help to reduce costs and make projects easy to implement. The SBC can be
equipped with a camera module for image capture and can be expanded with other compo-
nents such as lasers. Machine learning algorithms can analyse the collected images of the
trains to determine the type. The light barriers of the lasers can help with this task by identify-
ing the length or bogie of each wagon. Using publicly available information on train types,
the initial axle loads can be inferred. This data is then available for further structural analysis
as part of the predictive maintenance. The following information may be collected as a contri-
bution to predictive maintenance:

e Train type

010
110

>>>>/ Train length

Figure 1: Collectable information.

Wheelbase

Train number Train speed

] T |
’H/H Number of wagons
Since the approach here is being developed and tested in a practical way, the main research
methodology of this paper is applied research. However, descriptive research is also used, as
the fundamental topics covered here are researched and described to gain a better understand-
ing of the solution being developed. In general, building a new approach based on an under-

standing of current approaches is at the heart of this paper. However, not only the theoretical
development, but also the testing under real conditions is carried out.

1.3  Research challenges

The aim is to collect as much data as possible with a low budget, while ensuring the acces-
sibility of the developed system. For the machine learning part there are no own datasets
available. Finding enough data is therefore a challenge. Another challenge is to measure the
speed of the train with inexpensive and usable sensors and algorithms that go with them. For
computer vision activities, the capabilities of a low-cost camera need to be intensively tested.
The integration of software and hardware concepts and optimisation are also major challenges.

1.4  Structure of the paper

The structure of this paper is as follows. The research background is described in chapter
two. Based on that, an own concept and methodology is developed. With the concept in mind,
the project is implemented in chapter four. In the next chapter, some short notes about the de-
ployment of the system can be found. A conclusion is given in chapter six. Finally, a discus-
sion about the results and the approach as well as the future work is presented.
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2 RESEARCH BACKGROUND

This chapter presents the ongoing research and relevant background information on the
topics covered here. As there are several topics involved, the aim is to keep each part short.

2.1 Predictive maintenance

Predictive maintenance has become an increasingly important research topic in the field of
structural health monitoring. This is due to the greater availability of continuous monitoring
data and the increased computing power of the hardware used. More data is available because
data collection has become easier with the help of IoTs and sensing technologies. As a result,
maintenance can be done data-driven and predictive, rather than reactive and problem-
oriented. Machine learning also helps with this task [15]. This method of maintenance reduces
costs by increasing availability and performing repairs only when they are needed [16].

There are still challenges with this method. Implementing and training deep learning algo-
rithms to detect anomalies in structures like bridges is a manual and individual task for each
object. Initially, anomalies must be defined. That is why a generalisation is still needed [17].

2.2 Single board computers

A basic SBC consists of a single personal computer board with memory, a processor, and
some sort of input/output to interact with it. Many newer SBCs can compete with modern PCs
and tablets. Rapid commercial adoption and success reduced the prices dramatically, while
development has continued. The support of a large open-source community is accelerating
this process. The cost of peripheral products such as sensors and cameras has also fallen. As a
result, more and more applications and products are emerging from this development [18].

The evolution of today’s Al, IoT and 5G in combination with the SBC has brought infinite
possibilities to edge computing. E.g., NVIDIA is releasing SBCs with embedded software de-
velopment kits so that the deployment of trained algorithms is much easier [19]. This is why
applications like the one proposed in this paper are being researched more and more, as there
are many areas in which they can be used, such as agriculture, construction sites or logistics.

2.3 Machine learning and deep learning

Artificial intelligence is one of the latest technologies to disrupt many industries and is a
large field of research in its own. For this reason, this topic will be kept short. Only the basics
of the necessary tasks, i.e., image and text recognition, will be discussed here. For further in-
formation, e.g., on differences between Al, machine learning, and deep learning, please refer
to the general literature such as [20] or [21].

2.3.1 Image recognition

Determining what kind of train is contained in a captured image is a classic problem in
computer vision. Computer vision is a field that does not just try to process and analyse pic-
tures, but also to understand them. If an object in an image is recognised, it can also be identi-
fied, e.g., what type of train (passenger or freight) it is [22].

At the moment, the best algorithms for this kind of task are based on convolutional neural
networks (CNN). The ImageNet Large Scale Visual Recognition Challenge provides an ex-
ample of their capabilities [23]. Based on artificial neural networks, CNNs are part of deep
learning algorithms [20]. In this paper, the MobileNet architecture is used. It is an efficient
model for both mobile and embedded image processing applications, as shown here with the
SBC [24].
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2.3.2 Optical character recognition

In recent years, Optical Character Recognition (OCR) has been one of the most popular re-
search fields in pattern recognition. It is a subject of active research in industry and academia
due to its huge application potential. OCR 1is a technology for converting handwritten, typed,
or printed text characters into machine readable text. So, this technique can be used to trans-
late the train numbers into text that the computer is able to process. Image processing is rec-
ognised as a superset of OCR [25]. Therefore, it is related to the content described under 2.3.1.

After a pre-processing, the first step is to detect text in the image. The deep learning model
EAST can be used for this, as it is a quick and accurate method for text detection in natural
scenes. EAST stands for Efficient and Accuracy Scene Text and is based on a fully convolu-
tional network [27]. The referenced literature provides additional information. Once the text
has been detected, the Tesseract model is used to recognise the text to get an output string.
Tesseract 1s an open-source OCR engine. It was first developed at HP between 1984 and 1994
[28]. In the newer version, Tesseract is using a neural network to improve the text recognition
[29]. Figure 2 summarizes the above-described workflow.
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Figure 2: Process of OCR [26].
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2.4  Sensor technology

There are many different types of sensors. They can detect the characteristic quantity of a
measurement object and convert this quantity into an understandable signal. Sensors and sen-
sor systems perform their function through the interplay of sensor structure, manufacturing
technology and signal processing algorithms [30]. In recent years, there have been significant
advances in sensor technology that have helped to make sensors lighter, smaller and more
power efficient. Sensors with these characteristics can be easily deployed at a lower cost. Sen-
sor technology is widely used in the railway industry. For the different measurement tasks dif-
ferent sensors are useful. An overview can be found in [31].

2.5 Understanding the railway system
To analyse the collected data as accurately as possible, e.g., to identify the train type, an
understanding of the German railway system is necessary.

2.5.1 Series schema

On the first of January 1968, the model number scheme was changed to a seven-digit
number. This made the scheme computer readable. Table 1 provides an example. When a
train is photographed, this number can be used to identify the locomotive. However, a text
recognition algorithm is required to extract the number from the photograph. It is also neces-
sary to analyse where the serial numbers are located on the train. They are usually printed on
the front of the train. The quality of the photo must also be good enough to read the number
with text recognition.

14 036-7 612 01%-6

FElectric locomotive of the DB series 114 Diesel locomotive of the DB series 612

Table 1: Examples of the series schema of the Deutsche Bahn (DB).
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2.5.2 Bogie

Another way of identifying the train and wagon types is by the bogies. Identification is
possible by using lasers to measure the distances and a database to match the corresponding
type. Figure 3 provides an example. Most of the bogies used today are two-axle, but there are
also those with one-axle, three-axle, and more axle bogies [32].

i
0|

AR
1060
By

16700

14500
15760

Figure 3: Example of the distance between the bogies of a Deutsche Bahn wagon [32].

2.6  Existing solutions and ongoing research in wayside monitoring

Within the Deutsche Bahn ecosystem, there are numerous analogue solutions that can help
in the development of the here proposed method. The DB Systel, an information and tele-
communication service supplier for Deutsche Bahn [33], is continuously training image
recognition algorithms with their collected data. The resulting Visual Recognition Service in
the DB IoT Cloud can be used in a wide variety of ways. E.g., it is possible to detect snow to
automatically instruct the snow clearance services or recognize graffiti on trains to clean them
in a more planned and targeted manner [34], [35]. The two use cases show that using cameras
combined with image recognition is a feasible and efficient technique to assist the railway in
early and optimal fault detection, including predictive maintenance capabilities.

There are other sensors used in the railway industry. For example, Camlin Ltd has devel-
oped a pantograph system that measures the train speed and direction using laser telemeters
positioned within the acquisition enclosure. This solution has many similarities to the here
proposed method, as it also uses cameras combined with machine learning to identify train
types [36]. However, since it is a rather complex and large system that needs to be built per-
manently, the cost is likely to be much higher than the solution developed here. In addition,
the Camlin system is not mobile and therefore cannot be used in different locations. The Al
tasks require a good data set, which is not given by the companies. The programs also need a
platform to run on and a data connection to receive the data collected. An SBC is used here,
which enables a complete embedded solution that does not necessarily require an Internet
connection to function.

Other measurement solutions, as briefly described in the introduction, use axle load meas-
uring points to determine loads directly. These do not fall into the category of wayside moni-
toring since it is a direct measurement system. Nevertheless, it is an important part of research.
[9], [10], [11], [12] give a good overview regarding different methods in this area.
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3 CONCEPT

In the following chapter, a concept for an economical and mobile data collection system
will be developed using the research background, related work and solutions mentioned above.

3.1 General workflow

A general workflow is provided that largely incorporates the performed analysis.

N

Classifying train with

computer vision

Capturing photo with
camera

oy

Getting train number
I I with OCR

—

Recording data with
sensor
Caleulating speed and

acle distance with
algorithm

Figure 4: Workflow of the data collection and analysis system.

As visible in Figure 4, the procedure begins when a train is passing by. The system detects
a motion, the camera module takes a picture, and the light barriers start recording. Time in-
formation is stored as well. In the third step, the data gets analysed. The different Al-
algorithms try to determine the train type and the number of the vehicle. In addition, the cal-
culation of the speed and the axis distances using the sensor information is carried out. After
that, the determined data gets stored into an SQL database and the pictures stored on the SBC.
The big advantages of an SQL database are that it is easy to use, easy to set up and open
source, so you can use it without any costs. The entity relationship model (ERM) of the im-
plemented database is given in Figure 5.

Schema number

1D Type Name Track number

rain

Bridge

. m
Speed Locomotive

<>

n

Track kilometer

Wagon

1D Wheelbase

Figure 5: ERM of the database.
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3.2 Hardware
3.2.1 Single board computer

The SBC, which is at the heart of this project, must be selected carefully to meet the pro-
ject's requirements. For this project, a camera connection and a sensor interface are critical. In
addition, the use of deep learning models, such as image recognition or OCR algorithms, also
requires graphics processing power. In simple terms, GPU or NPU are suitable. The Arduino
microcontroller is therefore ruled out since it does not have a GPU or a camera interface [37].
The following table compares the Nvidia Jetson Nano and the Raspberry Pi 4.

SBC Nvidia Jetson Nano Raspberry Pi 4 (4 GB)
/O pins 40-pin GPIO 40-pin GPIO
Camera MIPI CSI port MIPI CSI port
CPU Quad core ARM Cortex-A57 Quad core ARM Cortex-A72
64-bit @ 1.43 GHz 64-bit @ 1.50 GHz
GPU Maxwell 128 cores @ 921 MHz Broadcom VideoCore VI
Memory 4 GB LPDDR4 4 GB LPDDR4
Ethernet Gigabit Ethernet / Wi-Fi Gigabit Ethernet / Wi-Fi / Bluetooth
Price $99 $55

Table 2: Comparison of the SBCs Nvidia Jetson Nano [38] and Raspberry Pi 4 [39].

Table 2 shows the comparison between the Jetson Nano and the Raspberry Pi. The Jetson
Nano is equipped with a 128-core Maxwell GPU running at 921 MHz. In a side-by-side com-
parison, the Jetson Nano GPU is far superior to the Raspberry Pi. However, the Raspberry
Pi’s Cortex-A72 is a generation newer than the A57 in the Jetson Nano. This CPU has faster
performance and a faster clock speed. But for deep learning, it may not provide enough per-
formance benefits. Considering the significant number of machine learning applications and
future development needs for this project, the more expensive Nvidia Jetson Nano is chosen.

3.2.2 Camera

Having chosen the Jetson Nano as the SBC, it offers two possible ways of connecting the
camera: USB 3.0 and the MIPI CSI-2 port. MIPI has a high bandwidth of 6 GB/s and is faster
than USB 3.0. It includes four picture data lanes, each capable of 1.5 GB/s. CSI-2 also uses
fewer resources from the CPU thanks to its multi-core processors. The disadvantage of its
limited cable length can be overlooked as the system will be an all-in-one solution [40]. With
the MIPI CSI-2 port as the selected camera port, the
Waveshare IMX219-160 IR-CUT camera module was
chosen, shown in Figure 6. It contains 800 megapixels
with an IMX219 sensor and a 160-degree field of view
(160 FOV). It also has infrared (IR) night vision capa-
bilities, which is necessary as the system needs to be
able to capture photos around the clock. With a price
tag of $28, the camera is still reasonably priced [41].

The image quality of the camera is important for
computer vision tasks. It is important to check the
quality under different lighting conditions. The im-

Figure 6: Camera connected to the Jetson

plementation will check the practical implications of Nano [41].
this camera, e.g., night vision, weather adaptability or
ease of use.
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3.2.3 Sensor

As discussed in the previous chapters, the aim is to select a sensor that is suitable in terms
of price and installation. In form of a wayside monitoring, it is possible to install sensors close
to the tracks. The IR Break Beam Sensor was found to meet those requirements. To detect
movement, infrared break-beam sensors are an easy solution. They have an emitter that sends
out a beam of infrared light. This is invisible to human eyes. Then there is a receiver on the
other side that is sensitive to this light. If something passes between the two, even if it is not
visible to IR, the receiver is separated from the emitter. The receiver informs the connected
device. As for price, a pair of sensors costs just $6. More interestingly, compared to sensors
costing over $100, the response time is only slightly increased from 1 to 2 milliseconds, with
no impact on their usefulness. The sensing distance is up to 50cm / 20", so they can be placed
on either side of a track [42].

To determine the wheelbase, the bogie types must first be established. For that, an algo-
rithm must be created to perform this operation based on the acquired data. The information
that can be obtained from the sensor is the signal adaptation, i.e., the interruption of the pho-
toelectric door. Moreover, the distance between the two photoelectric gates is also important
for the algorithm.

3.3 Deep learning algorithms
3.3.2 Classification of trains

Data acquisition is crucial for image classification tasks and for the initial development and
training of the algorithm. There are three ways of doing this: using an existing dataset, taking
photos to create a dataset, or using a scraper. In the scope of this project, photos are taken af-
ter the deployment of the data collection system. Thus, to initially train the algorithm, a web
scraper is used to obtain as many images of trains as possible. The number of classes must be
determined by the dataset. Two classes, passenger, or freight are more practical.

TensorFlow in combination with OpenCV is used as the training and deployment platform.
It is important to be able to train and deploy models on different devices. Therefore, the algo-
rithms are trained on a PC and deployed directly to an edge device such as an SBC. It is also
necessary to test different models and different learning approaches, comparing training time
and model accuracy.

3.3.3 Capture of train number

To not only classify the trains, but to capture as much data as possible, OCR algorithms are
used to identify more information. As described in chapter two, trains can be identified by
their series scheme number. The number is usually printed on the front of the locomotive.
However, these numbers can also be scattered around the wagon at different angles and in dif-
ferent fonts. Therefore, the practical application will show how effective the capturing of train
numbers works.

4 IMPLEMENTATION

The concept developed in the previous chapter is implemented in this chapter.

4.1 Hardware configuration and testing

Before being able to use the Jetson Nano, an initial setup is necessary. Nvidia provides a
setup guide for that. The Jetson Nano Developer Kit, that is being installed during the setup,
is offering many useful tools. It is compatible with common sensors and peripherals, e.g., the
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Adafruit sensor chosen here. It also supports popular Al frameworks such as TensorFlow and
PyTorch. Jetson Nano can run neural networks in parallel to process data more efficiently [43].
The Jetson Nano Developer Kit includes the Jetson Linux Driver Package so that all further
JetPack components and required Python libraries can be installed. The installation process is
unobtrusive. However, as the Jetson Nano was chosen for its superior GPU, this advantage
should be exploited. Therefore, OpenCV, the library used for the computer vision tasks, is in-
stalled using CUDA. CUDA is NVIDIA's set of libraries for working with their GPUs. This
allows image recognition tasks to run faster on the GPU than on the CPU [44].

Taking and saving pictures with the camera also requires some initial setup to work. Addi-
tional libraries, such as JetCam, are essential. Some basic day and night tests were carried out
with the camera, as shown in Figure 7.

(a) Passenger train on a dizzy day

(c) Freight train at night without IR filter (d) Freight train at night with IR filter
Figure 7: Performance tests with the camera.

It is clear from Figure 7 (a) that the camera can capture images perfectly in daylight, but its
performance at night is unsatisfactory, as shown in Figure 7 (b), (¢) and (d). The camera in-
cludes infrared LEDs and IR-CUT, which eliminates the reddish problem of normal IR cam-
eras. However, this still doesn't give the desired results. Also, due to the high speed of trains,
shutter speeds of at least 1/500s to 1/1000s are required. Shorter shutter speeds do not work
well, and the images are too dark due to the poor image quality of this camera. As a replace-
ment, tests were carried out using a mobile phone camera with simple controls. Shutter speeds
for sharp photos can be found by estimating the speed with a stopwatch. With trains travelling
at 100km/h and above, most photos are taken between 1/400s and 1/500s. However, the ISO
is set quite high at 400. For ICE and other high-speed trains travelling at 200km/h, shutter
speeds need to be higher than 1/1000s and ISO higher than 800. Overall, even with night vi-
sion, the camera only delivers usable photos in good lighting conditions, so the scope of this
project is limited to daylight. The camera does not perform well at high shutter speeds and can
only produce images that meet the requirements at low shutter speeds.
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4.2 Data acquisition

It takes a lot of effort to create a dataset of self-recorded images of trains that is large
enough to develop and train deep learning algorithms. Almost a hundred pictures were taken
over three days. However, this is still a small number, and the variety is low caused by a low
number of possible different locations. Furthermore, it is not really necessary to create an own
dataset. There is plenty of data available on the internet. Therefore, the more effective strategy
of a web scraper is chosen. A scraper can gather and index group of web images. The website
Bahnbilder from Thomas Wendt [45] is perfectly suited for this purpose. It provides many
photographs of trains, which are well separated by their source of energy (e.g., electric or die-
sel), their form of use, their location of use, etc. More importantly, they even contain the first
three digits of the series scheme number. So, the gathered dataset can be used for the imple-
mentation of text detection and recognition as well.

The initial aim of the train classification was to separate the pictures into freight and pas-
senger trains. It must be ensured that the dataset is balanced so the algorithm is able to tackle
the task. Since the images are well categorised, they can be easily scraped by category.

The next step is to develop the actual web scraper. A delay between requests is used to en-
sure that the scraper doesn't hit the site too hard. At the end of the process, each class, passen-
ger and freight, contains a thousand photos. Not only the locomotive, but also the carriages or
freight wagons were included. The reason for this is that locomotives are versatile.

4.3 Model training for train classification

Training and Validation Accuracy

First, the data set is divided into training 1o i
(80%) and testing (20%). The architecture of e
the CNN model includes two convolutional “ -
layers, two pooling layers and two dense lay- ¢ /
ers. As shown in Figure 8, the training and
validation curves have opposite trends, so s /

Accuracy

over-fitting occurs. Several ways were tried e ey

to address the overfitting problem, such as 0 ; ® 5 2 2’5 »
: : : . Training and Validation Loss

adding regularisation and reducing the com-

L%

—— Training Loss

plexity of the architecture. However, these Validation Loss
adjustments were not sufficient, although the
accuracy rate improved.

Next, MobileNet is used and adjusted in

e

2
]

Cross Entropy
k=]
-]

0.4 x'“‘-wx‘
the form that the base model is frozen. Only | e
the final pooling and fully connected layers i PR
are trained. The weights from /mageNet and 0 3 10 15 20 » 0

epoch

the Adam optimiser are also used. The Adam
optimiser is simple and gives good results.
With 30 to 50 epochs, the results are shown
in Table 3. It took 200s on the GTX1060 GPU. An accuracy rate of 96 to 97 percent is satis-
factory, and it would be difficult to improve by one or two percentage points. Further changes,
such as changing the optimiser, did not improve accuracy.

Figure 8: Training and validation of the CNN

Actual freight train 0.97 \ 0.03
Actual passenger train 0.04 0.96 |
Predicted freight train Predicted passenger train

Table 3: Heatmap of MobileNet.
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4.4 Text detection and recognition for train numbers

Detecting text on trains is much more complicated than the previous task of classifying
trains. This is due to the different placements and different types of scheme numbers. The
complexity of the text, caused by different and non-standard fonts and widely varying letter
spacing, is as well an issue. Additionally, trains can be dirty. Another problem is the angle.
The photos must face the front of the train with an angle of no more than 5°. Otherwise, train-
ing becomes very difficult. The scraped dataset from Bahnbilder shows this diversity. Be-
cause of these problems, the dataset cannot be used. Only the already trained model and
programs are available.

As mentioned in chapter three, the deep neural network EAST is a fast and efficient tool.
The pre-trained EAST model is loaded with OpenCV. A prediction function must be defined.
A bounding box and confidence values are being returned.

The coordinates of the bounding box are used as input for text recognition with Tesseract.
When running the tool, there are several configuration options that have a significant impact
on the process and therefore on the output. Those options are the following:

e Page segmentation mode: Set Tesseract to perform only a subset of the layout analysis,
and to assume a particular form of image. Mode 8 is used here, which treats the image
as a single word. Since the main text in the bounding box is a different word, this is
the case.

e Language: The language to use. English is assumed if none is given. The results are
not different in this case as most of the information contains letters and numbers.

e OCR engine mode: Mode 1 is neural networks, which gives the best results.

Output

An example of an output is shown in Fig-
ure 9. The non-text message in the top right-
hand corner of the image is misidentified as
text. Some experiments have shown that im-
age resolution also has a large effect, with
more errors occurring as the level of detail
increases when processing high resolution
images. To get the best results, the resolution
was set to 320x320. The OCR model cannot
be expected to be 100% accurate. However,
good results were obtained with both the
EAST and Tesseract models.

After recognising the numbers and letters Figure 9: Text detection and recognition output.
in the images, it is important to verify which
part of the output is the desired train number. As explained in chapter two, the series scheme
is based on seven digits. This is the first thing to check. Other verifications are necessary to
make the recognition as robust as possible.

4.5 Computing wheelbase and speed of train with sensor data

The analysis in chapter two has shown that the use of lasers as sensors, e.g., for train speed
detection, can be a viable option. In addition, if two sets of photogates are correctly spaced,
further information about the wheelbase of the wagons can be obtained. Two signals are rec-
orded each time a wheel passes a photogate, a high to low (falling edge) and low to high (ris-
ing edge) transition. According to [32] and shown in Figure 10, the standard container wagon
wheelbase for a two-axle bogie is 1,800 mm, and 1,700 mm for a three-axle bogie. The dis-
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tance between the two sets of photogates must be greater than the wheelbase but it should not
be too long. It is therefore set at 2,000 mm. Vehicle wheelbases vary widely. It is an important
piece of information when analysing loads. It can be compared with existing data to determine
its unique application and load capacity. To confirm the wheelbase, it is important to first dis-
tinguish the type of bogie (one, two or three axles) of each wagon. As the wheel passes the
sensor, its time stamp is recorded and the sensor to which it relates is recorded. Different
strings are generated for different types of wagons. The string and the time array can be used
to calculate the speed and wheelbase of the vehicle.

Bo::lile, Mne_e_lbalse,

= T s T
Ao
Photo<3ate 1 & meters I Pho‘tosja\‘te po}

Figure 10: Sensor placement for specific wagon types.

First, the sensor must be mounted and tested as described in [42]. In terms of inputs
(GPIO), Jetson Nano can read the status of buttons, switches, and dials, as well as sensors
such as temperature, light, or motion. Once set up, the implemented code can be tested in con-
junction with the sensor readings. The code needs to have the following functions.

When the first wheel passes the first sensor (sensor A), the photogate is interrupted and a
signal is sent to the Jetson Nano. This activates the following functions. The first function
(function A) records the timestamp and writes A to a defined string. The second sensor (sen-
sor B) and the corresponding second function (function B) have the same purpose but write
the letter B into the string. With the two time stamps recorded, the time difference can of
course be calculated. With the set distance of two metres between the photogates, the calcula-
tion of the train's speed is trivial. Moreover, for the computer vision task, function A also ini-
tialises the photographing. An additional function then parses the string to obtain the bogie
type and picks up the corresponding timestamp to calculate the speed and wheelbase of the
vehicle. The number of calls of the function A or B corresponds to the number of axles and
therefore as well the number of wagons attached to the locomotive. There are three different
types of bogies and their corresponding strings: one-axle equals AB, two-axle equals AABB,
and three-axle equals AAABBB.

Those string sequences are for axle distances smaller than two meters. For axle distances
greater than 2 meters, different sequences arise. E.g., for a two-axle bogie: ABAB.

4.6 Derive further information from the data collected

One of the main goals of this work is to contribute to predictive maintenance of railway
bridges by collecting as much data as possible about trains passing through. By identifying a
specific type of train that has crossed the bridge, other information can be derived. The load
imposed on the bridge by the train is the most important information.

For example, the image recognition part of the system identified a passenger train. The
OCR part recognised the series scheme number starting with 422. The sensors detected eight
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bogies and therefore four wagons including the locomotive. Using databases provided by
Deutsche Bahn, the axle loads of the empty train can be accurately determined as shown in
Table 4 [46].

Axle load [t] Axle distance [m]
Type First Second  Third ... | First Second  Third
DB-BR422 |158 15.8 17.9 ... 3015 5215  17.905

Table 4: Axle loads and distances of a specific train.

This is very different from the load models used in the Eurocode, the European standards
for structural design. There, a general load case is applied, which can differ a lot from the real
loads, because the load case must be representative [47]. The difference increases when many
short and less loaded trains cross the bridge.

S DEPLOYMENT

As mentioned above, the data collection system has been designed with ease of deploy-
ment in mind. It is very easy to deploy the tested algorithms due to features of the Al-
frameworks like TensorFlow. Models are trained on a personal computer and can be supplied
directly on an SBC without any changes.

However, as a main program, in addition to the combination of the above parts, there are
also runtime and error considerations to be taken into account. Because of the signalling block,
the time interval between two trains is at least 100 seconds. This means that every 100 sec-
onds the program must finish its work and be ready for the next train. The TensorFlow
runtime has components that are lazily initialised, which can result in a high latency for the
first request sent to a model after it is loaded. This latency can be several orders of magnitude
higher than a single inference request. For this project it causes a delay on the first run after
each reboot, the prediction process takes ten seconds. A warm-up is run to solve the problem.
After this, the next prediction takes less than one second. The OCR task takes between ten
and twenty seconds, so the program meets the runtime requirements very well. A loop ensures
that the program continues to run. A defined period represents the time that has elapsed since
the wheel last passed the sensor. It is greater than twenty seconds to ensure that the entire
train passes through the sensor.

For the actual implementation on site, the first thing to consider is the location of the in-
stallation and the power supply. A good option is to use a second microcontroller and connect
the two via a wireless network. The camera connected to the second microcontroller can then
be mounted on an existing mast to save costs. The position of the camera in relation to the
sensor also needs to be tested to get the right size image of the train.

Within the timeframe of this project, it was not possible to install the system close to
Deutsche Bahn tracks, as this requires permission. However, the solution provides a complete
technical path and demonstrates feasibility.

6 CONCLUSION

In this project, a machine learning and minimal hardware-based data collection system has
been developed. Ease of deployment and low cost have been kept in mind. The total cost of
the implemented system is less than $150 (SBC: $99, camera: $28, sensors: $12). The Python
program running on the Jetson Nano takes pictures of passing trains and collects further data.
The data is then analysed on the SBC itself, making the system an all-in-one solution.

The first result is train classification, where the deep learning model was able to identify
the type of train, passenger or freight, with 95 to 97 percent accuracy. TensorFlow is used as a
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training and deployment platform for image classification, not only on personal computers,
but also on Jetson Nano. To build a dataset, a web scraper was developed to easily scrape cat-
egorised images from Bahnbilder. The CNN model and the MobileNet model were applied.
Transfer learning with pre-trained weights from /mageNet was used on the MobileNet to im-
prove the results. In addition, OCR algorithms were used to identify the train number. In the
case of text detection and recognition, it was difficult to achieve a high level of accuracy un-
der the existing conditions due to the lack of data sets and the diversity of train numbers.
However, the implementation of the £AST model and the Tesseract program has shown its
feasibility. Finally, two sensors allow the measurement of the, the speed and the counting of
the wagons. The significant result here is an algorithm that uses the sequence of the two sen-
sor signals to determine the bogie type based on the sequence of the two sensor signals. In
addition, the calculation of the speed based on the elapsed time also gives good results. De-
pending on the bogie type and the speed, the wheelbase can then be determined.

7 DISCUSSION AND FUTURE WORK

Overall, the paper demonstrates the feasibility of an alternative low-cost data collection
system. Collecting and analysing the data and deriving further information works quite well.
However, a better data set for additional computer vision tasks would be an improvement.
Cameras could be placed at different railway facilities to collect images so that the collected
images are in a consistent format and can therefore be used for more Al tasks. A more com-
plete train classification function can be implemented with a more detailed dataset, where the
passenger train is divided into classes such as IC, ICE, RE, etc., and the freight train is further
classified for types of freight wagons. In addition, image segmentation models can be trained
to further extract textual information to complete the OCR part of the solution. Also, a better
camera is required. Current CSI cameras do not meet night vision requirements. One solution
is to place lights nearby, another is to use a camera with night vision capabilities. Cameras
with high image quality are also needed to cope with high-speed trains. The power supply for
the microcontroller is also a challenge that needs to be considered, e.g., solar panels. Pro-
grammatically, to achieve simultaneous detection of multiple trains, multiple threads, multiple
processes can be considered. At the same time, a simpler C++ language can be used for pro-
gramming to improve performance. Additionally, the system needs to be tested even more
practically and under real conditions. This will require permission from Deutsche Bahn

For predictive maintenance, other key information needs to be further explored. Identifying
trains can quantify the load of the train itself, but not the additional load such as passengers or
goods. One solution could be to not only take photographs of passing trains, but also to record
a video. The video could then be analysed. If the train is a freight train, the video could be an-
alysed for its ballast. With additional AI algorithms, the type of goods, such as wood, gravel,
containers, etc., that the wagons are carrying could be identified. However, some assumptions
still must be made. If the train is a passenger train, it will not be possible to analyse the video
for the number of passengers, as they will be inside the train. Another option is to analyse the
platform camera footage. As described in chapter 2.6, Deutsche Bahn already uses this foot-
age, for instance, to detect snow and automatically instruct the snow removal services. This
footage can also be used to count passengers getting on and off the train to determine the
number of people on the train.
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