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1 Preamble

This present technology report Video / FOS describes the status of all activities regarding the supporting
localisation technologies Video / FOS of the last 16 months which have been triggered by the commis-
sioning of the GLAT technology PoC on 6 June 2018.

After the publication of the interim report (Zwischenbericht PoC) [1] beginning of 2019, it was decided
at the request of the GLAT project management to focus the activities on the sensor technologies:
GNSS, IMU and wheel odometry as well as their fusion, which resulted in a technology report (Technol-
ogiebericht PoC) [2] on these topics which was completed by the end of 2019. In addition, a separate
technology report for the supporting technologies FOS and video, has been commissioned for April
2020, which resulted in the present document.

Compared to the interim report [1], many of the qualitative statements in the technology report are how
guantitatively evaluated and presented on the basis of measurements. The report focuses on the ques-
tion of whether and under what conditions the technical and architectural feasibility of the GLAT system
is given.

Target audience

The technology report addresses the core team smartrail 4.0, the Federal Office of Transport FOT and
all interested smartrail 4.0 partners. It will be presented to the core team and published on
https://www.smartrail40.ch.
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2 General view Technology PoC GLAT 1 Video / FOS

2.1 Aims and objectives

The aim is a proof of concept of the supporting localisation technologies Video and Fiber Optic Sensing
(FOS) answering as much as possible the following fundamental questions:

1 To what extent can these technologies be used for reliable and accurate localisation in the
railway environment?

Under which conditions does the respective technology work?

What are the options and restrictions regarding possible applications?

What level of accuracy and availability can be achieved in the measurement runs?

Can qualitative and quantitative statements be made regarding the determination of accuracy?
Which prerequisites must be met?

= =4 =4 -4 A

The technology PoC shall pursue a more detailed investigation on the sensor technologies Video and
Fiber Optic Sensing (FOS) for accurate and reliable train localisation and, if possible, applicable on the
entire network of railways in Switzerland.

For optimisation and testing, single measurement runs shall be carried out with the various sensor tech-
nologies. To compare the different technologies, a run with all sensors installed in parallel shall be per-
formed.

The results shall be checked against ground truth, e.g. axle counters, balises and/or GNSS/IMU data.
The potential and the capability of the individual technologies shall be accordingly assessed. Another
important aspect is certifiability of the approaches. This is essential for deploying localisation in railways
for dedicated use cases and therefore it shall be considered carefully (see 5.2).

Derived from the overall objectives the technology-specific fields of action and objectives are listed in
the following sections:

Sensor Technology Video
The following aims and objectives shall be taken into account for the sensor technology Video:

1 Improving camera setup for railway application
o with main focus on ease of use and reliable object detection
9 Railway identification and camera calibration
o0 Automatic track detection
0 Automatic extrinsic camera calibration
9 Train localisation by Visual Odometry
o Relative localisation of train
A calculation of relative train position and distance travelled
A reduction of drift
A estimation of the confidence of the results (error distribution)
0 Absolute localisation of train
A using landmarks for determining the absolute train position and correcting er-
rors and uncertainties
9 Object recognition
0 automatic detection of infrastructure objects, e.g. stopping plates, AprilTags, points,
by using the camera system
1 Realtime capable and deterministic algorithms with respect to certifiability
1 Investigations on robustness under various weather and light conditions
1 Proving results by measurement run by comparing to GNSS / IMU and Track Topography
(GTG)
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Sensor Technology FOS
The following aims and objectives shall be taken into account for the sensor technology FOS:

1 Calibration of the fiber cable with respect to the track
1 Tracking of
0 moving trains
o0 their position
o their front and rear ends
at different velocities
1 Determining the
o length of train, i.e. train integrity
o velocity
9 Estimation of the confidence of the result (error distribution)
1 Realtime capable and deterministic algorithms with respect to certifiability
1 Investigations on robustness under various weather conditions and by given disturbances such
as traffic on a nearby motorway
1 Proving results by measurement run with measurement train and applying FOS on all standard
trains travelling in a given time slot

SBB Innovation project Optical Train Localisation

In the SBB I nnovat i docalipationg ewe ifinOwpetsitciagatTa aam i ni ti al p
for a deep learning based optical approach for exact train localisation. The presented PoC is performed
in three iterations.

In the first iteration, we investigate the following objectives:

1 Optical detection and recognition of tracks and selection of track that was driven on
1 Optical detection of further objects of interest along the tracks

In the second iteration, we investigate the following objectives:

1 Integration of topology database (DfA) with optical track selection to obtain a track specific lo-
calisation.

1 Investigation of the robustness of the optical detection with respect to further lighting and
weather conditions as well as for further routes.

In the third iteration, we investigate the following objectives:

1 Optical detection and recognition of mast boards to determine the longitudinal position of the
train

1 Optical detection and recognition of kilometre panels to determine the longitudinal position of
the train
Optical detection of switch state and expected driveway of the train
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2.2 Initial Situation (Technologiebericht-PoC_GLAT v1.00 [1])

Localisation is essential for safe rail systems. Nowadays, absolute train localisation is based on infra-
structure and only at particular checkpoints, e.g. using balises. A continuous localisation in real-time is
the next step in rail automation. In the following, different solutions and concepts are considered and
assessed.

This report mainly focuses on the sensor technologies Video and Fiber Optic Sensing (FOS) including
deterministic and certifiable approaches of image and signal processing algorithms. In addition, the SBB
i nnovation proj ec satiiCopnd cfael a-1darmag apprahchdoraddepavailable data,
which is non-deterministic.

Sensor Technology Video

Previous investigations showed huge potentials for Visual Odometry and Video Localisation for relative
and absolute train localisation. Both technologies basically work under good weather and light condi-
tions, but reliability, availability and accuracy shall be improved and assessed, also under non-optimal
conditions.

Basically, Video is divided into Visual Odometry for local or relative localisation and into Video Locali-
sation for absolute localisation, as they were also considered in [1] and [2]. The previous report [1]
proves the potentials and challenges of these technologies which may play a significant role in train
localisation in the future.

The main benefit of Visual Odometry is the possibility for a slip-free odometry. Video Localisation pro-
vides absolute train positions and may replace balises in the future. Furthermore, it can be used to
support Visual Odometry, e.g. for increasing accuracy over a long distance.

In a previous measurement run between Thun and Burgdorf, 3 TByte of video data were recorded under
varying light conditions and at different train speeds. Two algorithm approaches were evaluated, i.e.
speed calculation by optical flow of the video images and by optical mouse tracking. It could be shown
that Visual Odometry basically works under good weather and light conditions.

However, it is highly important to choose and calibrate an appropriate camera system. In this context, a
stereo camera has no benefit compared to a mono-camera and an illumination could improve the quality
of the video images significantly. The control and calibration of the camera and its settings need to be
optimally adapted to the problem and the camera installation needs to be improved in order to suppress
reflections and pitching movements. In addition, the reliability of the algorithms shall be improved and
verified with respect to the objectives mentioned above. All of this is scope of this report.

Regarding Video Localisation another previous measurement run from Minsingen to Uttingen showed,
that the camera system in use was able to detect all larger reference points (AprilTags [3], 64x64 cm),
but it could not recognize the smaller ones (16x16 cm) for absolute train localisation at lower and higher
velocities.

Therefore, it is important to use tags of the right size and to mount them on appropriate spots, while the
right size depends on the calibration of the camera system chosen for Video Localisation. It would even
be better to use existing infrastructure elements with an exactly known position as reference points.
Again, the algorithms and the control of the camera shall be improved regarding availability and reliability
and further validations will be needed according to the objectives mentioned in chapter 2.1.
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Sensor Technology Fiber Optic Sensing (FOS)

FOS is a track-side technology for absolute localisation and determination of train position. It can be
used as a complement method, especially for sections with limited availability of GNSS or mobile com-
munications. One advantage of this technology is that the fiber cables are already installed for data
transfer and communications. Recent investigations showed various challenges, e.g. regarding accu-
racy, acoustic disturbances, low trains speeds etc. This report presents various approaches and intro-
duces real-time analysis.

Measurement runs have already been made and FOS data is available. The initial situation is that the
quality of the localisation needs further investigation and that the localisation is not satisfiable at low
train speeds, e.g. below 40 km/h. More measurements and long-term testing are needed for validation
of FOS.

Also, the initial report [1] did not take into consideration the current real time requirements and was able
to use tools for post analysis which are not available in real time. It was a proof-of-concept which ana-
lysed the whole interval of time as one block and was only run with a single set of data. The current
report expands greatly in relation to the first one and also employs real time analysis tools which do all
the necessary processing in real time. It also introduces new measures which are able to deal with the
varying attenuation of each fiber channel and also have the potential for higher accuracy than simply
using the power of the signal.

At the moment there are investigations how these technologies can contribute to an accurate and safe
localisation.

SBB Innovation Project optical train localisation

Deep-learning algorithms, especially based on convolutional neural networks (CNNs), have led to a
huge improvement in many computer vision areas, such as object detection and distance estimation.
For many applications, from cancer detection to self-driving cars, object detection based on CNNs has
already been investigated and holds great promises. However, the suitability of deep learning-based
approaches for optical train localisation has not yet been investigated. Further, the process to reach a
SIL4 certification, as required for train localisation, is not yet well established for machine learning based
approaches. As a first step, this report investigates the usefulness and the reliability of the machine
learning algorithms for optical train localisation in a first proof of concept.
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2.3 Results and findings

The following sections provide a summary of the main results and key findings of the relevant localisa-
tion approaches. Detailed results and findings are described in the corresponding chapters referred to
in the text below.

In all cases, time synchronisation among the sensors is crucial for their integration and there should be
a high-quality reference clock for all of them. Furthermore, a valid and accurate ground truth is essential
to assess the performance of the sensors.

Sensor Technology Video

The results reveal a huge potential for Visual Odometry and Video Localisation as part of a future con-
tinuous, safe and accurate train localisation. However, the excellent results obtained still have some
room for improvement.

Extent of use in railways:

1 Visual Odometry has a high precision for relative localisation; a combination with other sensor
technologies, e.g. GNSS, seems very promising.

1 Video Localisation can be used standalone for absolute localisation for dedicated use cases.

1 Virtual Balises could be introduced, e.g. using infrastructure objects like point-frogs as a global
reference for the generation of TPRs within ETCS.

1 Compact camera system setup incl. autocalibration allowing for easy installation and train lo-
calisation with minimal prerequisites (the camera shall point to the railway track).

Visual Odometry:

1 Measurement results (< maximum values) compared to reference
0 absolute distance: accuracy > 99.4% compared to GNSS / IMU data and to GTG
o absolute speed: precision < 1 km/h compared to GNSS / IMU data
0 absolute distance between consecutive balises pairs: < 0.7% compared to the nominal
distance stored in database
within an estimated systematic uncertainty of 0.8% with the current setup. In other words, the
results are in accordance with the reference.
9 3D train position is accurate on short scale (~few kilometres), but the drift accumulates and
becomes relevant at higher distances.

Video Localisation:

1 The accumulated drift in the calculated 3D train position can be reduced by referring to point-
frogs.

1 The precision, compared to GNSS / IMU considered as ground truth, is about 20 cm. In other
words the precision of the localisation is within the accuracy of the ground truth.

Object detection:

1 All AprilTags, located alongside the track, were successfully detected.
1 Railway point-frogs were successfully detected in all points.

Current limitations:

1 With the current setup, there is an issue in long tunnels with poor illumination, which can be
solved by a slightly changed setup of the infrared illuminator.
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The performance in challenging weather conditions like heavy rain or fog have not been tested

yet.

Options and future Improvements:

1 Fixed installation position of the camera system in order to minimize systematic uncertainty of
the train localisation

1 Introduction of SLAM (Simultaneous Localisation And Mapping) algorithms for drift compensa-
tion by creating a local map with the position of natural objects like bridges, trees or buildings
and using them as landmarks.

Certifiability:
1 Comparison of the results achieved by Video with already certified sensor axle counter
1 Realtime capability and deterministic algorithms

For more details see chapter 6.3.1 t0 6.3.3.

Sensor Technology FOS

Fiber optic sensing offers an interesting potential as a supporting technology for absolute localisation
and for determining train length and speed. Again, even though the results were very good, there is still
a lot of room for improvement.

Extent of use in railways:

il

= =4 =4 -4 -4 -4

Fiber Optic Sensing offers great potential as a technology not only for train localisation but also
for train speed, length, and integrity.

Absolute measurements (no error accumulation)

Continuous measurement of train movement

Instantaneous snapshot of all trains moving on the track

Determination of train front and rear ends and train speed

Calculation of train length for determination of train integrity

Very sensitive to vibrations and trains are easy to spot due to the high amplitude vibrations
produced

Train localisation and train speed:

il

Localisation error: 99% < 20 meter (gaussian distribution with standard deviation ~7.7m) using
current parameters and comparing against GNSS
Speed accuracy: 99 % < 2 m/s (gaussian distribution with standard deviation ~0.8m/s) using
current parameters and comparing against GNSS

Train length and train integrity:

f
f

Train length and integrity are accurately and continuously measured.
Train length determination error: 87% < 20m

Current limitations:

=A =4 =4 =4

Localisation at train speeds below 25 km/h is still unsatisfactory.

Determination of which track the train is coming from is still unsatisfactory.
Bridges appear as a long channel (vibrate as a whole).

Dependent on how the fiber optic cable has been laid out in relation to the tracks
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|l

Dependent on what kind of material the fiber optic cable has been buried in

Options and future improvements:

1 A hybrid thresholding model using both the power and entropy spectral flathess (ESF) should
be used in order to eliminate interference from other objects completely.

1 Possibility of using concurrent different models in real time in order to increase the confidence
in the results

1 Adjustments of parameters trading off accuracy by delay and/or noise and possibility of simul-
taneously running the analysis using these parameters in parallel and combining the results

1 Better results can be achieved by using more detailed modelling with parameters determined
by more reference runs with better clock synchronisation

1 Real time analysis with reasonable processing power

Certifiability:
1 Comparison of the results achieved by FOS with already certified sensor axle counter
1 Realtime capability and deterministic algorithms

For more details see chapter 6.3.4.

SBB Innovation project Optical train localisation

The PoC showed that in principle deep learning-based algorithms can be used for optical train localisa-
tion. However, the algorithms still have to be refined and their reliability has to be further evaluated.

1

= =4 =4 -4 -4

1

Optical train localisation at different lighting and weather conditions is possible without the use
of external infrastructure (if the DfA is loaded locally onto the train).
Determination of track selective lateral position with a very high accuracy
0 > 90 % detection precision for most lightning conditions
0 <70 % detection precision during night or at low visibility
The described approach relies on the visibility of all adjacent tracks and kilometre panels
Tracks around station entrances are critical and can impair the detection
Poor recognition rate for mast boards due to alignment of the boards on the test route
Good recognition rate (90%) for the kilometre panels
Optical kilometre panel detection combined with optical track selection and DfA integration can
be used without GNSS for full train localisation
Concerning a possible certification, the algorithms have to be further tested and investigated.

In general: More data is needed to refine and further evaluate the optical train localisation approach.
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2.4 Content overview

In the subsequent chapters the different localisation approaches are presented and evaluated as fol-
lows:

Chapter 3 describes and analyses approaches for relative and absolute train localisation by applying
video technology and deterministic algorithms for visual odometry and object detection (e.g. AprilTags,
points, etc.) based on a monocular camera setup.

In chapter 4 the sensor technology FOS is described for the absolute localisation of moving trains in
real time. The detection of their position, front and rear ends, corresponding length and velocity are all
based on certifiable algorithms.

Chapter 5 considers a multi-sensor setup for accurate and safe localisation and the required functional
architecture of such a sensor system enabling certification.

Chapter 6 documents the results of the measurement series and compares different technologies re-
garding accuracy, availability and ground truth, especially with respect to SIL4 axle counters amongst
other approaches. However, the main challenge, that needs to be solved, is to ensure an exact and
correct time synchronisation of all onboard and trackside components.

Chapter 7discusses the SBB innovation project AOptical Tr a
processing offline data from video streams and other sources using a deep-learning based algorithm
approach for localisation.
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3 Sensor Technology Video

The following sections describe the activities and results regarding the sensor technology video to meet
the aims and objectives of section 2.1.

Section 3.1 gives a general overview and the definition of the terms used.
Section 3.2 describes the improvements and optimisation of the camera system.

Section 3.3 describes the procedure for the identification of the railway track and its application to the
estimation of the camera extrinsic parameters, curvature of the track and detection of the point-frogs.

Section 3.4 describes the procedure for calculating the train position by Visual Odometry.

Section 3.5 describes the procedure for the detection of stopping plates and AprilTags in images col-
lected by a dedicated camera with large focal length.

In section 3.6, the results of the analyses are shown. Different data runs are used to validate different
use cases under different conditions.

3.1 Introduction

Images collected by a camera, that is located in the train and points to the railway track, can provide
important information like train position and identification of track objects like railway points or stopping
plates.

With the term Visual Odometry, the procedure for calculating the local position of the train, by comparing
consecutive image frames, is meant. Such a method can be very precise on a short scale but it suffers
of systematic uncertainties that accumulate over time causing a drift in the calculated position. With the
term Video Localisation, the use of Visual Odometry, enhanced by the detection of objects with a fixed
and exactly known position, is meant. Indeed, the precision of the calculated local position of the train
can be improved by referring to objects like point-frogs, axle counters or AprilTags [3]. The goal is to
reset the gradually increasing drift every time the above-mentioned objects are detected by the camera.

In the following, the procedure for calculating the train position is presented and it is based on determin-
istic algorithms only. The use of machine learning or artificial intelligent approaches are not suitable to
reach a SIL4 certification as required for train localisation.

Data collected on 14% June 2019, along the track from Ostermundigen to Thun, were collected by two
camera systems: one located in the locomotive and one located in the control wagon. Data from the
locomotive have been extensively analysed and the calculated train position is compared to other sensor
technology (See Section 6.3). In the following months, several additional measurements were recorded
to validate different use cases under different conditions.
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Table 3-1: Recorded video data
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Abbr. Direction From To Date Main focus

OT_1H forward Ostermundigen Thun 14.06.2019 Localisation

OT_1R backward Thun Ostermundigen 14.06.2019 Localisation

OT 2H forward Ostermundigen Thun 14.06.2019 Localisation

OT 2R backward Thun Ostermundigen 14.06.2019 Localisation

OT_3H forward Ostermundigen Thun 14.06.2019 Localisation

OT 3R backward Thun Ostermundigen 14.06.2019 Localisation

OT_4H forward Ostermundigen Thun 14.06.2019 Localisation

OT 4R backward Thun Ostermundigen 14.06.2019 Localisation

OT 5H forward Ostermundigen Brig 14.06.2019 Localisation
Depot_1H stillstand Bern 03.12.2019 Camera calibration
BSG_1H forward Bern St. Gallen 05.02.2020 Localisation with snow
BSG_1R backward St. Gallen Bern 05.02.2020 Localisation with snow

BB 1H forward Bern Brig 12.02.2020 Localisation with snow

BB 1R backward Brig Bern 12.02.2020 Localisation with snow

BL_1H forward Biel Lausanne 04.03.2020 Tilting train

BL_1R backward Lausanne Biel 04.03.2020 Tilting train

The online data collection and offline processing are based on OpenCV [4], a C++ Library for Computer
Vision.

3.2 Camera system

In this section, the system in use for image recording and storage is described. The system shall collect
images in any weather and lighting conditions.

An infrared camera has been chosen to get brighter images with low lighting conditions, with respect to
the images taken by a camera operating in the visible spectrum.

The camera exposure and sensor gain need to be controlled at run time and their values set accordingly
to the lighting conditions.

In order to synchronize the image collected with the railway infrastructure, the timestamps from a GPS
receiver is collected.

Timestamps and images are stored as raw data. In the last section, a real time compression algorithm
is introduced to reduce the data storage without losing the information contained in the collected images.

3.2.1 Objective

The design of the camera system, presented in the following, is developed based on the experience
maturated during the previous measurement runs (See Section 2.2).

Compared to the formerly used system, the main advantages and improvements are the following:

A A monocular camera replaced the stereo camera since the absolute scale can be determined
also with a monocular camera by the so-called optical mouse tracking (See Section 3.4.2).

A An additional camera with a large focal length has been introduced to detect the AprilTags with
high precision.

A Anew set of camera parameters has been adjusted to deal with the dynamic lighting conditions
of the train surroundings.
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A A global time reference from GPS to synchronize the collected images with the railway infra-
structure.

A Aloss-less data compression to reduce the size of the data stored.

A Real time data processing for standstill detection of the train.

The mounting of the system allows an unexperienced user to setup the system for data collection.

The system supports a maximum of 6 hours of continuous operation and recording and is limited by the
data storage and battery duration.

3.2.2 Camera box

The system for the image acquisition is composed as follows:

I Camera box containing
0 2 IR Cameras (Model UI-3240CP-NIR-GL revision 2) with different focal lengths (8mm
and 50mm) pointing towards the railway track (front camera) and pointing towards the
side (tag camera) respectively. The front camera (8mm) is mainly used for relative lo-
calisation while the tag camera (50mm) is optimised to detect small objects like AprilT-
ags that can be used for absolute position reference.
0 2 NIR llluminators (FLTT-808-1.8W-300m-CAP) for better illumination of dark scenes
1 GPS Receiver (GlobalSat BU-353) to record the timestamp for the synchronization with the
railway infrastructure.
f Rapid Prototyping Computer provided by Speedgoat. The processor is an Intel® CoreE i7-
6700TE 8-cores, 2.40 GHz.
1 Battery pack containing two batteries (Tattu 22.2V 15C 6S1P UAV Lipo) from 12000 and 16000
mAh each.

Figure 3-1 shows the system operating during the data recording in the area of Bern on 14" June 2019.
As it can be seen in the picture, the connections between the camera box and the rapid prototyping
computer were not fully integrated, making the installation in the locomotive not straightforward.

N
Figure 3-1 The camera setup operating on 14" June
2019 during the drive from Ostermundigen to Thun.
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Figure 3-2 shows an improved camera box. Inside the box, the illuminators are connected to the TTL
Converters which are powered from USB. The battery connector is connected to two DC/DC converters
which convert the 24V input voltage into 12V for the illuminators. The cameras are powered directly over
USBS.

The following interfaces of the box need to be connected:

1 Battery connector to the 24 Volt battery

1 USBS3 (for Cameras) to the Rapid Prototyping computer

1 USB (for llluminator) to the Rapid Prototyping computer

1 RS232 (for llluminator) to the Rapid Prototyping computer
USB3 for
Front and Tag
Cameras

2 AU R ] RS232 for
: ) — Front and Tag
Illuminator
battery
connector

USB power for

TTL Converter

Figure 3-2 Front and Back view of the camera box

Different covers can be applied depending on the type of cameras and illuminators needed for the im-
ages to be taken. For example, if no AprilTags are located along the path, there is no need for the
second camera and its illuminator.

Figure 3-3 shows the camera setup in operation on a RABDe 500, during the run from Biel to Lausanne
(BL_1H and BL_1R).
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Figure 3-3 The camera box mounted on a RABDe 500, during the run from Biel to Lausanne.

3.2.3 Camera settings

The IR Camera has different parameters that have to be adjusted for an optimal image collection based
on the dynamic lighting conditions of the train surroundings. In the following, the relevant parameters
are described.

1 Shutter mode: global
ioOn a gl obal shutter sensor, al | pi xel rows are
end of the exposure, all rows are simultaneously moved to a darkened area of the sensor. The
pixels are then read out row by row.
Exposing all pixels simultaneously has the advantage that fast-moving objects can be captured
without geomet]/[B]iThisallowsa sonultaneaus measurement of the position of
the entire imaged area.

Rows

Hl Reset
Exposure
Il Readout
- B Charge transfer
- > Time

1/Framerate
Figure 3-4 Global shutter sensor in live mode (Source: [5]).

1 Pixel Clock: 86 MHz.
It is frequency at which the sensor cells can be read out. Its value can be set between 7 and 86
MHz. The selected value is 86 MHz in order to reach the maximum frame rate.

1 Frame Rate: 59.82 Hz.
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The maximum frame rate is chosen to reach the highest possible resolution in the position es-
timation in the analysis.

1 Image size: 1280x1024 pixels
The maximum number of pixels is selected to acquire images with high resolution for the posi-
tion estimation in post-processing analysis.

1 Image bit depth: Grayscale with 10 bits.
The increased data depth is necessary to cope with the high dynamic range in the scene illumi-
nation caused by possible shadow casts on sunny days or transitions in and out of a tunnel.

1 Automatic functions:

(0]

Black Level Correction: auto.

AfThe black | evel correction of the camera can

circumstances. By default, the sensor adjusts the black level value of each pixel auto-
matically. If the environment is very bright, it can be necessary to adjust the black level
ma n u a 5]l lyis uded for a maximum usage of the available gray-level depth in de-
pendency on the scene illumination.

For more info: https://en.ids-imaging.com/techtipps-detail/en_techtip-black-level.html
Automatic Exposure Shutter (AES): active (See Section 3.2.4)

The control of the average brightness is achieved by adjusting the exposure. The bright-
ness reference is controlled depending on the illumination of the railway track. Modifi-
cation of the exposure does not amplify noise from the sensor in the acquired image.
Automatic Gain Control (AGC): active (See Section 3.2.4)

Brightness Reference: depending on the region of interest (See Section 3.2.4).

The target brightness used as reference by AES and AGC.

Automatic Frame Rate (AFR): not used. Frame rate is fixed.

Maximum Exposure: 10 ms.

Once the frame rate is fixed, the maximum exposure is determined (16.7 ms for the
current settings). This value is further reduced to 10 ms in order to lower the motion
blur in the image.

Control Speed: 100%.
The speed of the control increments can be set in the range from 0 to 100%. The max-

imum value is selected in order to deal with rapid change of illumination due to tunnels
or shadows.

Hysteresis: 10
fiThe automatic contr ol f 8oa forustalilization.eAstomatic

control is stopped when the actual value lies in a range between (setpoint - hysteresis
value) and (setpoint + hysteresis value). It is resumed when the actual value drops
below (setpoint - hysteresis value) or exceeds (setpoint + hysteresis value). If the hys-
teresis value is increased, the control function will stop sooner. This can be useful in
some sit[Blati ons. 0

The maximum hysteresis value is applied (default is 2) to collect a stable image bright-
ness during transition between different sensor gain factors.

Log-mode: Auto (anti-blooming).

fi I n -modeam threshold defines at which point the linear sensitivity pass over into a
logarithmic characteristic. At very short exposure times (less than 0.1 ms) there may
occur e.g. so-called crosstalk effects in the global shutter mode, which have the effect
that the i mage content appears br[blghter
By using the option Auto, the automatic control of the anti-blooming is based on the set
exposure time. It provides an additional extension of the perceived brightness range
through logarithmic compression of very bright scene elements.
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3.2.4 Image control in bright and dark scenes

The image acquisition needs to deal with the variable illumination of the scene the camera is pointing
to. For example, shadow casts on sunny days or transitions in and out of a tunnel lead to a quick change
in the lighting conditions the camera shall deal with. A fixed value of the exposure would result in images
that are not well exposed in condition of high brightness dynamic range.

The camera exposure time and sensor gain are investigated and varied in order to get clear images for
the calculation of the train position.

For practical purposes, the analysis presented has been tested on images containing AprilTags only. It
shall be noted that the method proposed and the thresholds applied do not depend on the structure of
the object on focus but on the illumination of the scene.

3.2.4.1 Impact of exposure time and sensor gain on the image brightness
Changing the exposure time increases the amount of
the brightness of the collected image.

Figure 3-5, Figure 3-6 and Figure 3-7 show the results of different exposure times in different conditions
of illumination. As the illumination decreases, higher exposure times are preferred. Figure 3-7 a) shows
that the amount of light collected is too high even with low exposure time. In this case, an even lower
exposure time should be set. According to Figure 3-6, it is clear that with the maximum exposure (Figure
3-6 f), an image with the right brightness levels can be taken. In very dark scenes, as in Figure 3-5,
increasing the shutter exposure time is not sufficient. In such a case, the sensor gain of the camera shall
be increased.

It shall be noted that the maximum exposure time is limited by the desired frame rate that is set to a
fixed value. Furthermore, an exposure time, that is too high, can cause motion blur in the collected
image, when the projected point in the image illuminates multiple pixels in the image due to high velocity
of the train. The motion blur is visible in Figure 3-8. The railway track in the image is not sharp due to
motion blur likely caused by the high speed of the train combined with the high exposure due to the poor
illumination of the scene.

Figure 3-5 Images with very low illu- Figure 3-6 Images with low illumina-  Figure 3-7 Images with high illumina-
mination (50 lux) with different expo- tion (200 lux) with different exposure tion (7000 lux) with different exposure
sure times: times: times:

a)0.5ms b) 1 ms a) 0.5ms b)1ms a) 0.5 ms b)1ms

c)2msd)5ms c)2msd)5ms c)2msd)5ms

e) 10 ms f) 16.7 ms. e) 10 ms f) 16.7 ms. e) 10 ms f) 16.7 ms.
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Figure 3-8 Image collected from a drive from St. Gallen to Bern on a cloudy day in winter. Due to the poor illumination

of the scene, the exposure time was automatically set to a high value that causes motion blur resulting in an unsharp
image.

Whenever the increase of the exposure time cannot lead to the desired image brightness, the sensor
gain shall be increased, once the exposure time is set to the maximum value.

Figure 3-9 shows images taken at low illumination. Different sensor gain factors were manually applied
ina) i e), while the camera automatic sensor gain control (AGC) is applied in f).

It shall be noted that the gain amplifies incoming signals from the scene as well as camera noise.
E
m

Figure 3-9 Images with very low illumination (50 lux) at fixed exposure time (16.7 ms). Different gain factors are
applied: a) no gain, b) manually set to 33%, c) manually set to 66%, d) manually set to 99%, e) manually set to
99% and gain boost active, f) set to 84% by the automatic gain control.
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3.2.4.2 Automatic control of exposure time and sensor gain
The automatic control for exposure time (AES) and sensor gain (AGC) of the camera adjust the expo-
sure and sensor gain based on the brightness of the entire image. The target brightness is needed as
reference for the control of automatic functions. This value can be increased (decreased) in case the
scene is too dark (bright).

An automatic control function, that is based on the brightness information contained in the entire image,
is not optimal and can cause errors in scenes with different illuminations (i.e. scene with shadows on
the railway track). The scene under investigation can be restricted to a region of interest, i.e. the railway
track regarding images collected by the front camera and the expected location of the object to be
detected regarding images collected by the tag camera. For example, the AprilTags were placed on the
catenary masts at a fixed height, which defines the expected location for object detection.

The solution adopted relies on the automatic control functions for exposure and sensor gain by using a
brightness reference, which is not based on the entire image but on the above-mentioned region of
interest.

Once the front camera is placed on the windscreen, a rectangular region of interest in the track area is
determined automatically so that the track can be identified.

The region of interest of the tag camera is defined as a horizontal strip with constant height. The height
is defined so that the AprilTag shall lie within the strip in the collected image.

Figure 3-10 (left) shows the image collected with AES active using the default value of the target refer-
ence brightness, that sets the exposure time to 7.2 ms. It can be seen that the region of interest (for
practical purposes, a square instead of a strip containing the AprilTag is taken) is not sufficiently ex-
posed.

Figure 3-10 (right) showstheimage <col |l ected with AES active wusing an
reference brightness based on the number of low-brightness pixels in the region of interest. The resulting
exposure time was set to the maximum. The region of interest is well exposed.

.
u‘v’i‘
& N
"
¥ o
ey

Figure 3-10 (Left) Image taken using the AES with default brightness reference value. The region of interest is too dark.
(Right) Image taken using the AES with calculated brightness reference value. The exposure of the region of interest is
sufficient.

3.2.5 Camera calibration

Ideally, the focal length of a camera is fixed by construction (8 mm for the front and 50 mm for the tag
camera), but slight differences can be found from the nominal value. Similarly, a small deviation from
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the nominal value of the principal point (located at the center of the image) occurs. The focal length and
the principal point of the camera are measured by means of a calibration procedure.

The pinhole camera model is a mathematical relationship between a point in the real world and a point
in the image plane. As is can be seen in Figure 3-11, in the image plane, the x values increase along
the horizontal axis, the y values along the vertical one and the z values along the optical axis (i.e. the
direction of the train motion).

P=(X,Y,Z2)
U
I . > 1
'
.
|
~
/ |
optical :
axis [ 2
| .- /
” g
s
A7 /
- : principal
] point
| (czycy)
|
|
|
|
|
I
I
W

Figure 3-11 The camera pinhole model (Source: https://docs.opencv.org/2.4/modules/calib3d/doc/camera_calibra-
tion_and_3d_reconstruction.html).

The relation between the 3D coordinates of a point in the real world and a point in the collected image
is given by the following formula:

X
i fx 0 oy 1o orie iz 4 v
stv =10 fy ¢ ro1 T2 T3 o
. o Z
1 0 0 1 g Tao T Iy 1
intrins;mntrix oxtrins{: matrix

where s is the absolute scale, (u,v,1) are the homogeneous coordinates of the point in the image plane,
(X,Y,Z,1) are the homogeneous coordinates of the 3D point in the real world, fx and f, are the coordinates
of focal length, cx and cy are the coordinates of the principal point, r and t are the components of the
rotation and translation of the camera reference system with respect to the real world.

The calibration of the camera allows for the measurement of the camera intrinsic parameters as well as
the distortion coefficients [6] given a list of images collected.

Page 22 of 168



smartrail 4.0 LCS Localisation

Figure 3-12 shows a list of images collected for camera calibration. The calibration sheet (chessboard)
was placed at different distances with different poses.

Figure 3-12 From left to right: Image for calibration of the two sets of front cameras and the two sets of tag cameras.

The Camera Calibration Toolbox for MATLAB® [7] is used as reference for the estimation of the intrinsic
parameters and distortion coefficients.

Table 3-2 Parameters calculated by the calibration. The uncertainty in parenthesis refers to the last digits of the calcu-

lated value.

Front (1) Front (2) Tag Old (1) Tag Old (2) Tag (1) Tag (2)
fx (pX) 1523 (2) 1531 (2) 9402 (424) 9300 (267) 9487 (83) 9565 (82)
fy (pX) 1525 (2) 1533 (2) 9435 (437) 9346 (249) 9499 (81) 9562 (75)
Cx (pX) 644 (2) 624 (3) 958 (332) 611 (0) 640 (0) 640 (0)
Ccy (px) 512 (2) 485 (2) 606 (237) -8 (0) 512 (0) 512 (0)
k1 -0.225 (3) -0.218 (3) 0.57 (43) 0.08 (39) 0.24 (15) 0.31 (16)
k2 -0.143 (17) 0.119 (12) -7 (25) 51 (28) 16 (41) 6 (43)
pl -0.0007 (2) -0.0003 (2) 0.03 (2) -0.04 (2) -0.001(2) -0.004 (2)
p2 0.0006 (2) 0.0004 (3) 0.03 (3) -0.009 (4) 0.0013(2) 0.002 (1)

The lenses used in the tag cameras have long focal length (50 mm) meaning that images are taken far
away from the calibration sheet. This reduces the perspective and makes the light rays close to parallel,
causing instability of the mathematical solution, especially when solving the lens distortion parameters
k1, k2, p1, p2 [6], as can be seen in Table 3-2, where the error in the measurement of those parameters
is extremely high. For this reason, the principal point cx and cy (marked in red) of the tag cameras was
not included in the calibration procedure and the values were set to the optimal values, which is the
center of the image with resolution 1280x1024 pixels.

3.2.6 Time synchronization for real-time analysis

In order to synchronize the data collected from the camera with the surrounding infrastructure, a time

synchronization based on the GNSS global timing is needed.

For considerations about the latency of the system in use, refer to section 6.2.

3.2.6.1 Local time reference from camera system
Modern Linux operating systems provide several clock sources:

1 Real time: clock, which should reflect the actual real time and is affected by discontinuous
jumps in system time and by the incremental adjustments.
1 Monotonic: clock, which never decreases but is affected by the incremental adjustments.

1 Monotonic raw: hardware counter, usually the Time Stamp Counter (TSC) inside the proces-
sor, that is not affected by the incremental adjustments.
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3.2.6.2 Global time reference from GPS
Satellites carry very stable atomic clocks, that are synchronized with one another and with the ground
clocks.

A GPS Receiver is connected to the Rapid Prototyping computer through the USB port. The GPS re-
ceiver transfers the information in form of NMEA sentences [8] with a rate of 9600 bits per seconds.

The NMEA sentences contain geolocation and time information. The receiver can be configured in order
to select only the NMEA sentences relevant for the time analysis. By selecting only part of the whole
NMEA sentences, the latency in the GPS reception can be reduced. NMEA sentences of the ZDA, GGA
and RMC types contain date and time information. Using the information carried by the GPS signal, a
time resolution of one second can be reached.

The arrival time of the NMEA sentence depends on the length of the sentence, that is variable. The
monotonic raw of the arrival time of the first byte of the NMEA sentence is saved together with the GPS
time, since it does not depend on the above-mentioned factors and has a nanosecond resolution.

Incase of poorGPScover age (when the GPS receiverbds antenna

fix is not received and the GPS time cannot be trusted. The presence of a GPS fix is saved to assess
the quality of the received time during post-processing.

GPS data are analyzed in real-time in a dedicated Thread. The GPS time information is saved together
with each frame, even if there is no fix.

3.2.6.3 Combination of global and system time
The following timestamps are saved together with the acquisition of the camera frame:

1 Internal Image Time Counter (IITC): timestamp indicating the time of the complete image cap-
ture with a resolution of 0.1 microsecond.

System Real Time (SRT): resolution of 1 nanosecond.

System Monotonic Raw (SMR): resolution of 1 nanosecond.

GPS Time (GPS): resolution 1 second.

GPS Monotonic Raw (GMR): arrival time of the first NMEA sentence, resolution 1 nanosec-
ond.

=A =4 -4 =4

IITC, SRT and SMR have high resolution but they suffer of a small drift and need to be referred to a
global time source. A combination of the system time information of the incoming image frame with the
GPS global time is needed.

During initialization of the data acquisition code, the quality of the GPS signal (fix) is investigated. If the
GPS signal is valid, the UTC time from GPS is taken as reference (To,cps) and its arrival time as offset
(offsetemr). If the GPS signal is not valid, the system real time (Tosrv) is taken as reference and the
system monotonic raw time as offset (offsetsur).

For any incoming camera frame, the combined time is calculated and saved together with the image
raw data:

; To.grs + teyp — offsetaarr,  if valid GPS-Fix
combi = . . 1 Tyes 1o
com Tospr + tsan — offsetsyrp,  if not valid GPS-Fix

A possible case is, that during initialization the fix was not available and the GPS time is not used as

reference for the calculation of the combined time. A fix could come after a while, so during post-pro-
cessing a GPS-based combined time can be always be calculated.
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Figure 3-13 shows the comparison between the GPS time (resolution of 1 second) with the calculated
combined time (resolution of 1 nanosecond).
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Figure 3-13 The UTC time from GPS (resolution of 1 second) is compared with the combined time (resolution 1 nanosec-
ond).

3.2.7 Lossless data compression

The resultant 10-bit images occupy 2 bytes (16 bits) per pixel in memory. For storage, however, a simple
pixel packing scheme where 4 pixels (40 bits) are packed in 5 bytes can be used in order to avoid this
redundancy.

The advantage of using such a simple packing scheme (5 bytes for every 4 pixels) is its low resource
utilization (high speed) and also the fact that every image uses exactly the same amount of storage (as
long as all the images have the same dimensions) making it very easy to do random searches on a
stream of images.

But in order to actually reduce the entropy of the image data, a lossless image compression algorithm
should be used. For most fhaturaldimages, compression ratios between 50% and 80% are to be ex-
pected, depending on the amount of noise present on the captured images. Lossless algorithms com-
pression ratios are highly dependent on the amount of noise contained in the lower bitplanes of images,
which is general not compressible.

Also, a ffast enoughoalgorithm should be applied in order to compress the video stream coming from
the camera(s). In our case, each camera produces 1280x1024 gray level 16-bitimages (2,621,440 bytes
per image at 2 bytes per pixel) at 60 Hz. The system must be capable of compressing 60 fps per camera.
It should also be pointed out that even compressed frames will be around a megabyte each (lossless
compression) so the storage subsystem should also allow for the writing of at least around 60 megabytes
per second per camera.

3.2.7.1 The FELICS algorithm
A fast implementation of the FELICS algorithm with tunable parameters for 16-bit pixels was developed
and integrated into the solution.
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The FELICS algorithm [9] is among the fastest lossless compression algorithms available and was used
on the NASA Mars Exploration Rover embedded in the Solid-State Recorder (SSR) of the spacecraft.

It uses a single pass in raster order and uses the top and left pixel values in order to predict the current
pixel and encode the difference between the predicted and actual values. Depending if the actual pixel
is between the lower and higher values of its neighboring pixels, the error is encoded either using a
range code (inside) or a golomb-rice code [10] with parameter k.

By choosing how to handle this parameter k, we can make the algorithm run faster than using a model
to predict its value but compression may suffer. The user can choose how to handle this parameter in
order to tune the speed and/or compression ratio of the algorithm.

Due to the varying size of the compressed images, it is not possible to have random access to a file
composed of many concatenated images. In order to fix this, we have implemented a JFIF style byte
stuffing [11] so that it is guaranteed that a certain byte value will never appear in the resulting byte
stream except as a prefix for its immediately following byte. In this case, the byte composed of all set
bits (255 in decimal or FF in hexadecimal) is replaced by the 2-byte sequence (FF 00 in hexadecimal).

Following the JFIF standard [12], the start of an image is signaled by the sequence FF E8 in hexadecimal
and the end is signaled by FF E9, also in hexadecimal. As we substitute every occurring FF in the
generated stream by a FF 00, it is not possible to encounter any other sequence that starts with FF in
the stream unless we have actually requested it to be there.

This way, it is quite trivial to have random access to a file containing multiple images merely by searching
for an FF E8 (start) and its following FF E9 (end).

Table 3-3 summarizes the results of the compression algorithm applied to drive OT_1H containing
57000 frames.

Table 3-3 The results of the loss-less compression.

Dataset Raw image size Raw image size | Compressed Compression
(no pixel packing) (pixel packing) image size speed
OT_1H 2621,440 KB 1638,400 KB 1057,584 KB 111 frames/sec

Even though the input image read from the camera is composed of 2 bytes per pixel (16 bits), the actual
image is composed of only 10 bits per pixel, which makes its packed size equal to 1280 * 1024 *10/ 8
= 1,638,400 bytes per frame. Using this as the original uncompressed size, the algorithm reduces the
amount of storage by a factor 0.6 on average. For the test system, the compression speed was meas-
ured to be around 111 frames per second which allowed it to compress the images to be stored when
using a single camera, which requires at least a compression performance of at least 60 fps. The per-
formance of the algorithm has been tested on the Rapid Prototyping computer (See Section 3.2.2).
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3.3 Railway identification and extrinsic camera calibration

The identification of the railway track in the collected image is described in section 3.3.1. Three algo-
rithms are evaluated in order to identify the track in every collected image frame.

The position of the railway track in the image is the fundamental brick for several analyses:

1 Estimation of the camera extrinsic parameter (Section 3.3.2): as described in section 3.2.5, the
determination of the camera extrinsic parameters is one of the steps required to calculate the
position of an object in the real world from the collected image. An automatic procedure for the
estimation of the camera extrinsic parameters from the position of the track in the image, is
described.

1 Pitch detection and compensation (Section 3.3.3): the pitch of the train can be determined from
the position of the track in the collected image. Variations of the pitch, corresponding to steep
increases or decreases of the train speed, can be compensated.

91 Detection of railway points (Section 3.3.4): the precision of the calculated local position of the
train can be improved by referring to point-frogs that have a fixed and exactly known position.
Railway points can be identified based on the intersection of the main track with the side tracks
and the position of the point-frog in the image can be determined.

1 Curvature of the track (Section 3.3.5): from the position of the railway track in the collected
images, the yaw rate can be determined. By combining the yaw rate with the train speed, the
curvature of the track is determined.

3.3.1 Automatic track detection

The railway track driven on by the train can be identified in the collected image, assuming that the
camera points to the railway track. The procedure explained in the following is the fundamental brick for
a correct estimation of the camera intrinsic parameter (See Section 3.3.2).

The first step is to find gradient edges in the collected image. Once the image is processed, the line
detection algorithm is applied to match the edges in order to form a line.

Three different algorithms are investigated. For each algorithm, the parameters have been varied and
the optimal values and thresholds are chosen in order to identify the railway track.

3.3.1.1 Canny contour detection and Hough transform
The OpenCV function Canny [13] is used to spot contours within the image. The following parameters
are used:

1 Lower (upper) threshold of the hysteresis procedure set to 100 (300).
1 Aperture for the gradient operator set to 3.

The OpenCV function HoughLinesP [14] is then applied with the following parameters:

1 Accumulator threshold parameter set to 300,
1 Minimum line length set to 300,
1 Maximum allowed gap between points on the same line to link them set to 200.

Figure 3-14 shows the images after the processing steps. The leftmost figure is the original picture,
followed by the picture after applying the Canny edge detection (Figure 3-14 middle) and after that, the
picture with the detected lines superimposed (Figure 3-14, right). The lines in yellow are the lines
detected from the algorithm while the lines in green are the two identified as belonging to the railorad
track.
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Figure 3-14 (left): Original picture, (middle): Picture after Canny contour detection, (right): Picture after HoughLinesP line
detection

3.3.1.2 Morphological skeleton and Hough transform

The goal of the morphological skeleton is to reduce the redundant content of an image to known shapes
with 1-pixel width.

The process involves two steps:

1. Image thresholding with adaptive threshold to reduce the grayscale image (Figure 3-15 left) to
a binary one (Figure 3-15 right). The OpenCV function adaptiveThreshold [15] is not used,

since it adapts the threshold based on the information of neighboring pixels. A fixed threshold
based on the brightness of the image region in front of the train is applied.
2. lterative erosion and dilation in order to have the skeleton image (Figure 3-16).

The OpenCV function HoughLinesP is then applied with the following parameters:

1 Accumulator threshold parameter set to 200,
1 Minimum line length set to 300,
1 Maximum allowed gap between points on the same line to link them set to 500.

The identified track lines are shown in green in Figure 3-16 (right). The yellow line (difficult to be seen
in the figure, since it is very close the green one) is a detected line not associated to the track (it is
probably the outer part of the track).

A

Figure 3-15 (left): Original picture, (right): Picture after adaptive threshold
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Figure 3-16 (left): Picture after iterative erosion and dilation, (right): Picture after applying the HoughLinesP line detec-
tion

3.3.1.3 Fast line detector
The OpenCV class FastLineDetector [16] based on [17] has been tested.

The class performs first an edge detection using Canny and then identifies line segments from the
resulting image. The parameters applied are listed in the following:

Lower (upper) threshold of the hysteresis procedure set to 100 (300).

Aperture for the gradient operator set to 3.

Minimum length of the calculated segment set to 100 pixels

Minimum distance between the expected and the measured segment point to be considered
an outlier set to 1.4 (default value).

1 Incremental merging of line segments deactivated.

=A =4 =4 =4

Figure 3-17 (left): Original picture, (middle): Segments found by the Fast line detector, (right): Lines found by the Fast
line detector.

The fast line detector was found to give the highest track detection efficiency with lowest misidentification
rate among the algorithms taken into consideration.

3.3.1.4 Procedure for track identification
The identification of the railway is divided into two parts: The first part is covered, when the train is at
rest, the second part takes place, when the train is in motion.

The goal of the first part (initialization) is the determination of the starting point of the railway track
situated at the bottom of the image and the estimation of the camera extrinsic parameters (Section 3.3.2)
with the train at rest. This phase ends, once the tilt i pitch i yaw angles are estimated with a desired
precision. In case the angles cannot be estimated with a desired precision, an acoustic signal will alert
the user, so that the camera shall be placed elsewhere. The same happens in case of occlusion of the
railway track in the image.
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The goal of the second part is the identification of the driven railway track and side tracks when the train
in motion (Section 3.3.4).

3.3.2 Automatic extrinsic camera calibration
The camera extrinsic matrix can be defined by three Euler angles (pitch, yaw and tilt according to Figure

3-18). The pitch is defined as the rotation angle around the side-to-side axis. The yaw is defined as the
rotation angle around the vertical axes. The tilt is defined as the rotation angle around the front-to-back

axis (the focal axis).

Figure 3-18: Sketch of the Stadler EC250 with the reference system that shows the yaw, pitch and tilt rotations around
the axis (Source: https://bahnblogstelle.net/2017/03/28/stadler-ec250-schweizer-zughersteller-praesentiert-neuen-hoch-

geschwindigkeitszug-video/).

In this section, the procedure for the estimation of pitch, tilt and yaw based on the image of the railway
track is described.

3.3.2.1 Pitch and Yaw estimation

The method proposed is based on the calculation of the vanishing point (VP) of the railway track in the
camera image. The vanishing point is defined as the point on the horizon line where parallel lines con-
verge. This point depends on pitch and yaw angle. The point does not give any information regarding
the tilt angle. This can be intuitively clarified, since rotating the camera around the focal axis does not
change the vanishing point of the railway track.
The yaw angle a and the pitch angle b are estimated using the following formula:
Vi —«c

— ) # = —arctan (L}

0 = — arcsin [: = = - = =)
\/U"x - Ux]'“ + [:T‘".‘r' - C}')‘ + f° 1"-‘“' — Gy

where Vx and Vy are the coordinates of the detected vanishing point in the image, cx and cy are the co-
ordinates of the principal point and f the focal length.

Figure 3-19: shows the detected railway track (green) and the intersection, that defines the vanishing
point (cyan).
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Figure 3-19: The detected railway track (green) and the vanishing point (cyan) are shown in the image collected.

3.3.2.2 Tilt estimation
The tilt is estimated by selecting a region in front of the train centered on the railway track. The region
is rectified by applying the calculated pitch and yaw and transformed to gain a bird-eye top-view.

Figure 3-20: shows the result of the track detection algorithm applied to the recognition of the sleepers
(red segments). As it can be observed, it is difficult to identify the sleepers since the image gradient is
poor. The identification strongly depends on the illumination of the scene and on the shape of the sleep-
ers, that cannot be guaranteed to be smooth. In order to measure the tilt with high precision (less than
1 degree), a direct measurement from the sleepers is not suitable.
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Figure 3-20: A bird-eye view of the railway track is shown. The sleepers (red segments) are difficult to be identified by
the fast line detector algorithm.

The railway track width in the image slightly depends on the camera tilt. A subpixel precision would be
required in order to measure small camera tilt directly from the track width. A possible solution could be
to measure the track width in the image rotated by large tilt angles, where the track width changes
significantly. A fit of the measured track widths with a cosine function should give an estimation of the
camera tilt.

Figure 3-21 shows the images transformed according to a tilt angle of -45° (left), 0° (center) and 45°
(right).

Figure 3-21 The bird-eye view image is rotated by a 45° (left) , 0° (center) , 45° (right) tilt angle and the track is identi-
fied.

The fit algorithm gives a tilt angle of 4°, that is not in agreement with a rough empirical estimation.

In order to analyze the collected data, an empirical evaluation of the tilt angle can be performed by
comparing the original image with the rectified one. By constraining the rectified image to have sleepers
parallel to the bottom of the image, a rough estimation of the tilt can be given.

Figure 3-22 (left) shows the image from a bird eye view rectified only for yaw and pitch. Figure 3-22
(right) shows the image rectified with the addition of a tilt angle of ~ 2.9 £ 0.2 degrees estimated empir-
ically.
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Figure 3-22 (left): The image rectified for pitch and yaw estimation and transformed to a bird-eye view. The sleepers are
not parallel to the bottom of the image, meaning that the tilt shall be corrected, (right): By correcting the tilt of the camera,
the sleepers are parallel to the bottom of the image.

3.3.3 Pitch detection and compensation

As described in section 3.3.2.1, the pitch can be estimated, once the vanishing point is found in the
image.

Figure 3-23 shows the difference (in blue) of the pitch, measured in all the image frames, with respect
to one measured during the calibration, where the train was at rest. In red, the train speed is displayed.
Negative (positive) values of the pitch difference correspond to a camera looking up (down) with respect
to the initial pose. Currently, with the actual precision in the measurement of the track position, it is not
possibile to correlate the change of the pitch to a change of the train speed. However, it can be observed
that, as soon as the drive begins, the pitch difference tends to negative values (the red dotted line
highlights the frame when the train starts).
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Figure 3-23: The difference (in blue) of the pitch measured during the whole measurement run, with respect to one
measured during the calibration in the initial frames, where the train was at rest. In red, the train speed is displayed. The
red dotted line highlights the frame when the train started.
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With a more precise track identification, the calculated pitch difference can be used to correct the
calculated train position.

3.3.4 Railway point detection

The identification of railway points in the image can be used as global reference for the calculation of
the train position with visual odometry (results see section 6.3.3).

For the track identification during drive, the images collected from the camera are rectified by applying
the camera extrinsic parameters measured in the initialization phase and transformed to obtain a bird-
eye view in a region of interest in front of the train.

Possible railway track candidates are detected using the line detection algorithm described in Section
3.3.1 with the constraint that the track width shall be close to the track width measured in Section 3.3.2
(initialization phase).

Figure 3-24 (left) shows the collected image with the selection of a region of interest (in yellow) in front
of the train 6 meters long and 6 meters wide. The bird-eye view of the selected region is shown in Figure
3-24 (right) where the detected lines are highlighted: the driven track is found and shown in green, while
a side track is detected and shown in red.

Figure 3-24 (left): A region of interest of 6x6 meters is defined in the collected raw image, (right): the region of interested
is rectified and transformed according to a bird-eye view and the main track (green) and a side track (red) are identified.

The performance of the identification of the driven track and the point recognition were tested using the
dataset OT_1H. The driven track was idenfitied in 99.4% of the frames.

3.3.4.1 Point-Frog detection
The intersection between the main with the side track defines the frog of the point. Figure 3-25 (left)
shows the detection of the frog (circle in cyan), where the driven track (green) and side track (magenta)
intersect.
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Figure 3-25 Left: The point-frog (circle) is identified from the intersection of the main track (green) and the side track
(magenta). Right: A small deviation (~1 meter) between the identified and the truth point-frog is observed.

The performance of the point recognition is evaluated in the following. Table 3-4 shows the type of
points, that are visible in data collected, and the result of the detection. The performance of the detection
of curved points could not be tested since they were not present in the driven path.

Table 3-4: Results of the point detection. The latitude, longitude and ID of the points are taken from the topology database
(DfA). The column Frame ID refers to the collected image frame, where the train passes the detected point. The column
N Frames refers to the number of frames where the frog is detected. In most of the cases, the number of frames a point
frog is detected increases the precision of the measurement of its position. * the point was detected but its position
deviates (> 5 meters) from the truth.

Point ID Type Latitude Longitude Detected? Frame ID N Frames
OST 19 | Einfache Weiche | 46,9533 7,4826 yes 4813 26
OST 20 Einfache Weiche | 46,9529 7,4827 yes 5060 23
OST 55 Einfache Weiche | 46,9483 7,4861 yes 6593 16
GUE 1 Einfache Weiche 46,9381 7,4985 yes 9487 11
GUE 4 Einfache Weiche | 46,9364 7,5017 yes 9898 9
GUE 9 Einfache Weiche | 46,9359 7,5026 yes 10134 10
GUE 31 Einfache Weiche 46,9335 7,5068 yes 10813 10
GUE 28 Einfache Weiche 46,9324 7,5088 yes 11129 10
GUE 47 | Schnellfahrweiche | 46,9317 7,5101 yes* 11401 5
GUE 48 | Schnellfahrweiche | 46,9307 7,5118 yes* 11502 11
GUE 52 | Einfache Weiche | 46,9288 7,5151 yes 12058 11
GUE 55 Einfache Weiche 46,9276 7,5173 yes 12548 10
RUB 1 Einfache Weiche 46,9037 7,5429 yes 18074 10
RUB 12 Einfache Weiche 46,8947 7,5481 yes 19773 11
MS 1 Einfache Weiche | 46,8803 7,5573 yes 23005 11
MS 18 Einfache Weiche | 46,8710 7,5600 yes 24818 12
MS 27 Einfache Weiche 46,8695 7,5605 yes 25093 11
WCH 1 Einfache Weiche 46,8468 7,5672 yes 29445 10
WCH 5 Einfache Weiche | 46,8444 7,5679 yes 29873 10
WCH 14 | Einfache Weiche | 46,8421 7,5686 yes 30242 9
WCH 20 | Einfache Weiche | 46,8375 7,5699 yes 31017 10
UTl 1 Einfache Weiche 46,8003 7,5810 yes 37900 10
UTI 8 Einfache Weiche 46,7910 7,5837 yes 39527 10
UTl 11 Einfache Weiche | 46,7906 7,5839 yes 39679 10
TH 119 Kreuzung 46,7604 7,6208 yes 49853 28
TH 131 Kreuzung 46,7595 7,6225 yes 50788 31
TH 181 Einfache Weiche 46,7567 7,6267 yes 52936 33
TH 183 Kreuzung 46,7565 7,6270 yes 53153 27
TH 185 Kreuzung 46,7557 7,6279 yes 53752 35
TH 187 Kreuzung 46,7554 7,6282 yes 53979 34
TH 198 Kreuzung 46,7551 7,6286 yes 54210 37
TH 219 Kreuzung 46,7548 7,6289 yes 54473 35
TH 221 Kreuzung 46,7545 7,6292 yes 54826 56
TH 224 Kreuzung 46,7543 7,6295 yes 54901 39
TH 226 Einfache Weiche | 46,7540 7,6298 yes 55081 36
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Currently, the position of the frog in the high-speed points from frames 11388 and 11470 is difficult to
detect. Indeed, the intersection of nearly parallel lines is difficult to be detected. As it can be observed
in Figure 3-26 (right), the algorithm detects a frog that does not correspond to a frog in the track (Figure
3-26 (left)).

Figure 3-26 (left): The image of a high-speed point is collected, (right): A bird-eye view of the high-speed point, where
both main (red) and side (green) tracks are detected. The tracks are almost parallel and the intersection is difficult to
measure.

Several factors affect the measurement of the position of the point-frog and are listed in the following:

1 Type of points: As shown, the uncertainty of the point-frog position increases with the point
crossing angle. Point-frogs of nearly parallel lines are detected with low precision.

I Track identification algorithm: The detection of the point-frogs depends on the identification of
the track. The algorithm can be refined and the precision in the identification need to be esti-
mated.

9 Camera calibration: The precision in the measurement of the camera extrinsic parameter affect
the measurement of the position of point-frog.

I Absolute scale: The conversion factor from image pixel to distance in the real world has an
impact in the measurement of the point-frog position.

The camera extrinsic parameters and the absolute scale can be measured with high precision.

Currently, only an approximative estimation can be given. As it can be seen in Figure 3-25 (right), the
precision in the detection of the point-frog is about 1 meter in the (best) case of a simple switch-point.

A detailed estimation of the precision of the point-frog position need to be performed in the next step.

3.3.4.2 Detection of the tongue position
The position of the tongue rail determines the direction of the train.

Figure 3-27 shows a tongue rail in the image collected. The lines in the crossing can be identified
(magenta), but at the moment it is not possible to clearly determine the state (open or close) of the
incoming tongue.
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Figure 3-27: (left): The image of a crossing point is collected, (right): A bird-eye view of the crossing point with detected
lines (magenta). The tongue rail can be hardly identified among the detected lines.

3.3.5 Detection of the curvature of the track

As described in Section 3.3.2.1, the yaw can be estimated once the vanishing point is found in the
image. The curvature (inverse of the radius of curvature) is given by the ratio of the yaw rate and the
tangential velocity (the absolute speed in Figure 6-5 (left)). Figure 3-28 shows the curvature calculated
from the track position in the image (blue). The signal shape of the measured curvature seems to be in
accordance with the signal shape of the curvature stored in the database (red). However, a difference
of the curvature values is observed at every local peak. For a detailed comparison, a more accurate
identification of the railway track position with the camera system is required.
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Figure 3-28 The estimated curvature, derived from the position of the railroad track in the image, is compared to the
curvature stored in the database for a small section.
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3.4 Train localisation by Visual Odometry

In this section, the procedure for calculating the train position from the collected images is described.

The absolute distance is measured by means of the so-called optical mouse tracking, where brightness
levels between consecutive frames are compared and the pixel shift is estimated. The absolute scale,
i.e. the conversion factor between distances in the image plane (measured in pixels) and distances in
the real world (measured in meters), is calculated by taking the track width as a reference.

The 3D position of the train is estimated by using the optical flow between consecutive frames. Features
(points in the image with high brightness gradient) are extracted from the image and tracked from one
frame to the next one. This technique provides the rotation matrix and translation vector (pose) of the
train motion with respect to the railway track. The translation vector is normalized since the absolute
distance cannot be determined at this stage.

By combining the results of the measured pose with the measured absolute distance, the 3D position of
the train can be calculated.

The calculated train position can be improved by freezing the reference frame (key-frame) for a number
of following frames. This procedure improves the accuracy of the estimation of the direction of motion,
in particular when the train speed is low.

3.4.1 Objectives

The goal of this section is the calculation of the relative train position with Visual Odometry. The relative
train position refers to the position of the train with respect to the railway track. High precision is expected
to be achieved with the sample rate (60 Hz) and image resolution (1280x1024 pixels) of the camera in
use. The calculated distance is expected to have high resolution on a short scale (~1 km). It shall be
noted that, since a relative, instead of global, position is calculated, the systematic uncertainties accu-
mulate over time causing a drift of the calculated position, that becomes relevant at high distances. The
drift can be compensated by referring to fixed objects like point-frogs, axle counters or AprilTags with a
fixed and exactly known position (see section 6.3.2)

3.4.2 Determination of the absolute distance with the optical mouse tracking

The use of a monocular camera for visual odometry has the limitation that distances cannot be meas-
ured using image information only. In order to measure distances from images, the absolute scale, i.e.
conversion factor between the image pixels and meters in a rectified planar image, is determined with
the so-called mouse tracking technique, in analogy with the optical computer mouse, that detects move-
ment relative to a surface by detecting the emitted light.

3.4.2.1 Template matching for optical mouse tracking
The absolute distance in pixels is determined using the template matching technique implemented in
OpenCV [18].

The following areas in the image are defined for the template matching:

- Search area (Figure 3-29a) in blue: this is the window, where the template matching is per-
formed

- Template area (Figure 3-29b): this is the template region used to find matches within the search
area.

- Search area rectified (Figure 3-29c).

Page 38 of 168



smartrail 4.0 LCS Localisation

The search and template areas are rectified using the parameters estimated in Section 3.3.2 and an
homography transformation has been applied to get a bird-eye view (Figure 3-29b and Figure 3-29c).

Figure 3-29 a) A search window (blue) is selected in the collected image, b) a template image (from the previous frame),
c) the search window is rectified and transformed according to a bird-eye view. The image template b) slides through
the search window and the best match is found (green) The pixel displacement (white arrow) between the top of the
search image and the position of the green template is proportional to the travelled distance.

In Figure 3-29c, the template image of the previous frame (red) slides through the actual search window
(blue) and the position of the best match (green) based on the intensity values is found by minimizing
the normalized sum of square difference. The difference in pixels between the red and green images is
proportional to the traveled distance.

3.4.2.2 Track width as reference for absolute scale determination

The absolute scale, i.e. the conversion factor between image pixels and distance in the real world, is
obtained by taking the track width as a reference.

Figure 3-30 (left) shows the width of various railway tracks in the world. The width of 1435 mm is the
one, that is by far the most in use and it is called standard gauge. All the railway tracks handled by SBB
are built according to the standard gauge. The profile of the rail from SBB is shown in Figure 3-30 (right).
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Figure 3-30 (left): The size of the railroad track width are listed. The standard gauge (1435 mm) is widely used in world.
(right): the profile of the track.
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The deviation of the railway track width and its uncertainty in knowledge has a direct impact on the
calculated driven distance. Although the size of the standard gauge is fixed, some deviations to that
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value are allowed. According to the railway regulation in Switzerland, the lower limit to the track width is
1430 mm while the upper limit is 1470 mm, including the gauge widening.

The track width is measured by SBB twice a year. Figure 3-31 shows the distribution of the width of the
railway track from Ostermundigen to Thun for the drive OT_1H. A double gaussian fit has been applied
to get the mean value (1436 mm) and the standard deviation (2 mm) of the track width.
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Figure 3-31: The distribution of the measured track width for run OT_1H is shown. A double gaussian fit has been
performed to extract the mean value and the standard deviation.

The profile of the track plays also an importantrole,si nce t he wupper prguwa3-30AFahrfl

right) reflects the light more than the internal part. The internal part of the rail is taken as reference for
the track width in real world. The upper and more reflecting part is generally more visible in the collected
image and it is likely taken as candidate for the line detection alrgorithm.

Figure 3-32 shows the internal (red) and external (green) detected track in the image.
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Figure 3-32 The internal (red) and external (green) track profile are identified in the collected image.

The external size of the track can also be used as
precision 65.0 = 0.1 mm, so the relative uncertainty of the track width can be reduced.

The track width is projected to the ground according to the scheme in Figure 3-33. The projected value
of the track width is used for the conversion from image pixels to distances in the real world.

Camera plane

2850 mm

1436 mm

Railway plane

Figure 3-33 The railway track internal width is propagated to the ground, according to the angle of view of a bird-eye

image.
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3.4.3 Relative localisation with feature tracking

The train position is estimated by means of the optical flow among consecutive images. The optical flow
is defined as the pattern of apparent motion of image objects between two consecutive frames caused
by the movement of objects or camera.

The sparse optical flow assumes that the pixel intensity of a detected features (strong corner) does not
change between consecutive frames. This can lead to uncertainty since the brightness of the
environment cannot be controlled and it varies quickly as the train moves (e.g. regions with poor
illumination like train stations or tunnels cause a steep increase of the pixel gradient).

The strategy proposed is based on the following steps:

1 Feature detection: corners with a brightness gradient are retrieved from the images

1 Feature tracking: the optical flow is applied to the detected features

9 Calculate pose: the rotation and translation of the camera with respect to the track is
calculated for every frame

3.4.3.1 Feature detection
The OpenCV function goodFeaturesToTrack [19] is used in order to determine the strong corner in
the image. The detected features are then propagated to the next image.

3.4.3.2 Feature tracking
The OpenCV function calcOpticalFlowPyrLK [20] is used to calculate the optical flow for the de-
tected features using the iterative Lucas-Kanade method with pyramids [21] in two consecutive images.
The output of the function is a list of feature points of the consecutive frames. The points are the coor-
dinates (in pixels) of the features in the two consecutive images. The apparent motion of the features in
the images gives a hint of the train motion (Figure 3-34).

In a next step, the results of the optical flow are filtered based on the quality of the tracking.

An additional cut based on the calculated vanishing point of the frame is applied. The calculated tracks
from the optical flow shall point to the vanishing point. Tracks outside a defined vanishing point window
are filtered out.
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Figure 3-34: The features of the image are tracked between consecutive frames. Green circles are the features of the
previous frame propagated to the next frame (red circles). The apparent motion of the features is displayed as ared line.

3.4.3.3 Recover pose
Given at least 7 feature points between two images, the rotation and translation of those with respect to
the camera can be determined. The OpenCV functions findEssentialMat [22] and recoverPose
[23] are used.

3.4.4 Reduction of drift

The calculation of the driven distance can be improved by freezing the reference frame (key-frame) for
a number of following frames, if the estimated velocity is low.

Figure 3-35 shows the 2D position of the train in the drive OT_1H. In red, the position measured from
GNSS is shown. This is considered as the reference. In green, the position of the train is calculated
based on consecutive frames. In yellow, the position of the train is calculated by means of keyframes.
The minimum distance among keyframes is set to 0.5 m. As expected, the keyframe processing im-
proves the accuracy of the estimation of the direction of motion, when the velocity of the train is low.
This can be observed in Figure 3-36, where the trajectory without using the key frames (green) drifts
away from the reference already after the first curve. The fact that the green curve seems to compensate
for the accumulated drift, when the train turns right, is accidental and not associated to any systematic
effect in left or right curves.
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Figure 3-35: The train position is calculated over the entire path from Ostermundigen to Thun. The position from GNSS
(red) is considered as the reference and compared to the train position calculated in consecutve frames (green). In
yellow, the position of the train is calculated by means of keyframes.

Figure 3-36: The train position is shown after few kilometes of the drive from Ostermundigen to Thun. The position from
GNSS (red) is considered as the reference and compared to the train position calculated in consecutve frames (green).
In yellow, the position of the train is calculated by means of keyframes.

3.4.5 Estimation of the Confidence of the result

As described in Section 3.4.2.1, the driven distance is estimated through the template match by mini-
mizing the normalized sum of square differences between the brightness levels of the template and the
search images among consecutive frames.

The normalized sum of the square differences has been used as the measure of the quality of the
calculated absolute scale. High (low) values of the square difference are likely to be associated to events
with wrong (correct) template match.

Figure 3-37 shows the pixel shift of the template image in the drive OT_1H. The pixel shift calculated in
frames 8166 and 52803 are not reliable, since the corresponding minimum of the normalized sum of
square differences is too high. Such events are filtered out and the average of the preceding five frames
is taken instead.

The associated uncertainty to the calculation of the traveled distance is estimated in section 3.6.1.
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Figure 3-37 The pixel shift of the template in consecutive frames is shown (blue). The quality of the template matching
is evaluated by the value of the minimum of the normalized sum of square differences (red). The template matching in
frames 8166 and 52803 failed since the minimum of the normalized sum of square difference was too high.

3.4.6 Integration of a simple train model

A Kalman-Filter with a simple train model similar to the one used for FOS described in section 4.5.2 can
be used to make the calculated position more robust. Furthermore, the Kalman filter can easily be ex-
tended to perform a sensor fusion to prevent the drift of VideoOdometry. Here possible extensions would
be to add the detection of AprilTags, points and catenary masts as position updates. The state vector is
chosen to be

o |
Iqbﬁl’l
W R

Xk is the x-coordinate of the train position and yx the y-coordinate of the train position. vxx and vyk is the
speed in respective direction and axk and aykthe acceleration in respective direction.

The state vector is initialized when the algorithm starts tracking the train and some measurements are
already available to estimate all the state values.

A train has limited acceleration and deceleration. Thus, we use a constant acceleration model for the
state prediction:

g &0@ X

with
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the state transition matrix, X the process noise and T the sampling time.

Train localisation with video measures the x and y position of the train, so the measurements can be
written as

a Ow d
with
0 p T T M M T
T p T T T T
the measurement matrix and nx the measurement noise.

When you would like to add other measurements to the Kalman-Filter algorithm to improve the results
and make it more robust the measurement vector zx changes. For example, when you add the position
updates by AprilTags the measurement vector changes to

eeee

This also changes the measurement matrix Hx. However, it must be noted that the two sensors have
different sample times. Video has a sample frequency of 60Hz, whereas the Tags have no defined
sample time. The procedure now is that the Kalman filter works with a frequency of 60Hz whereby the
current measurement of the position with video is included in the algorithm with following measurement
matrix:

P M MMM
o TMeP MWW
T T TTTNT
T T TTTNT

When now a position from the AprilTag is available the measurement matrix changes to

p MMM T T
o TMeP MW MT
p MM MMM
T p MMMTTNT

for the next position update with the Kalman Filter.

The procedure to add more sensors is always the same, you only have to consider the sampling time.

Both, the process noise x and the measurement noise & are assumed to be zero mean white noise
with process covariance Qkx and measurement covariance Rx.

They are defined as the expected values of the process noise and measurement noise vectors:
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When changing the measurement vector also the covariance matrix for the measurement noise
changes. It changes to
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when adding AprilTags as measurements. The covariance matrix can be used to specify the accuracy
of the measurements. Since AprilTags provide an absolute position on the track, the values for Cixwgand
Oy.tag Would be much lower than values Cixvia and Gy,vid .

This would cause the Kalman filter algorithm to focus more on the position of the AprilTags, if available,
than on the position of video. This would correct a possible drift of the position by video.

3.4.7 Optimisation of the parameters

In the following, the impacts of the parameters, which are known to affect the calculation of the train
position, has been evaluated.
The parameters are listed in the following:

il

Camera calibration (intrinsic parameters)

Deviation from the calibrated values of the focal length affects the conversion from image to 3D
points in the real world. In addition, deviation from the calculated distortion coefficients leads to
a lower precision in the railway track detection that is the basis of the camera pose estimation.
Camera calibration (extrinsic parameters)

Wrong estimation of the camera extrinsic parameters leads to wrong results in the template
match and in the conversion from image to 3D points.

Standard gauge as reference

The track width is taken as a reference to calculate the conversion factor from image pixels to
distances in the world. The track width is measured by the fit of the distribution. The precision
in the knowledge of the vertical distance between the camera mounted on the train and the
ground affect the precision of the measured traveled distance.

Camera height

The height of the camera was not measured when the camera was mounted on the windscreen
and affect the calculation of the absolute scale.

Track profile

The track width in the collected image is based on the track detection algorithm, that rely on
edge detection. This means, that strong reflecting surfaces emerging from a darker background
(or vice versa) are likely candidates for tracks.

The profile of the track is not regular and introduces an uncertainty in the track position in the
image.

In Section 3.6.1, the uncertainties deriving from the above-mentioned parameters on the driven distance
have been calculated.
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3.5 Object recognition

This section describes the automatic detection of stopping plates and AprilTags by using the tag camera
system.

Stopping plates, located at the side of the track, inform the driver about the position the train has to stop.
The driver can have an additional benefit from an automatic detection of the stopping plates with the
camera system.

AprilTags, mounted on some catenary masts along the side of the track, are object with an exactly
known geolocalisation that can be detected by the camera system. First of all, the robustness, accuracy
and recognition rate in detecting the AprilTags shall be increased. Then AprilTags can be used as ref-
erence to reduce the accumulated drift resulting from the calculation of the train position with Visual
Odometry.

3.5.1 Recognition of Stopping Plate (Halteorttafeln) for ATO

The collected video data were analysed inordert o det Hatl t telo e (t i &tf ced mifin g

pl at eo

following). The template to be detected is pentagonal

The method described in the following was applied to video data collected with tag and front camera.
As expected, better results are obtained using data from the tag camera (Figure 3-38), since a higher
focal length is required to clearly identify the template. Furthermore, the tag camera points to the left
side of the track, where the stopping plate is supposed to be found (the front camera points to the railway
track).

First of all, the collected images are processed for noise reduction and smoothing and adaptive thresh-
old are applied.

Only contours belonging to 5 corners arranged in a given configuration are selected to avoid false-
positive candidates. Figure 3-38 shows an identified stopping plate.

This approach can be further improved by analyzing the content of the plate in order to increase the
detection efficiency. At the moment, the template is indeed identified using the shape information of the
plate only. The analysis can be also extended with the measurement of the position of the plate, that
can be possible, once its size is known.
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Figure 3-38: The stopping plate identified using the tag camera.
3.5.2 Recognition of AprilTags

In section 3.4, the procedure for a relative train localisation is described. The measured position is ex-
pected to drift during the travel. Absolute references like AprilTags are needed to reset the accumulated
drift.

For the measurement runs, collected on 14" June 2019, 20 ApriTags, of size of 15.5x15.5 cm?, were
mounted 3 meters height on the catenary masts situated on both sides of the tracks. Ten AprilTags were
placed on left side of the track and therefore they were visible to the camera system placed in the
locomotive only. Ten AprilTags were placed on right side of the track and therefore they were visible to
the camera system placed in the control wagon only.

Figure 3-39 (left) shows the scheme of the camera system moving forward and passing by an AprilTag,
that is placed 4 meters on the left side of the track. Figure 3-39 (right) shows one of the collected images.
The size of the AprilTag in the image is about 100x100 pixels and the AprilTag is detected.
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Figure 3-39 Left: scheme of the camera system moving forward and passing by an AprilTag. Right: image where the
AprilTag is detected (green square).

Figure 3-40 (left) shows the scheme of the camera system moving backwards and passing by an
AprilTag, that is placed about 8 meters on the left side of the track. Figure 3-40 (right) shows one of the
collected images. where the AprilTag was detected. The size of the AprilTag in the image is about 60x60
pixels and the AprilTag is detected.

[
k=

Figure 3-40 Left: scheme of the camera system moving backwards and passing by an AprilTag. Right: image where the
AprilTag is detected (green square).
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3.6 Results

3.6.1 Measurement of the absolute distance

The different systematic uncertainties are described in Section 3.4.7.

The following parameters (with systematic uncertainties) are estimated for the calculation of the traveled
distance:

Standard gauge from fit of the track width distribution: 1436 + 2 mm
Height of the camera mounted on the windscreen: 2850 + 100 mm
Detected track distance in pixels: 325 + 2 pixels

Camera pose: pitch 8.0 £ 0.1°, yaw 2.5, tilt 2.9

1 Focal length: 8.0 + 0.2 mm

=A =4 =4 =4

Each parameter is varied within the estimated uncertainty. The difference of the calculated traveled
distance with the central value (calculated without including the systematic uncertainty) is shown in
Table 3-5. As it can be observed, the dominant contribution is given by the uncertainty deriving from the
track detection in the image.

Table 3-5: The traveled distance is calculated by varying each systematic contribution and the difference with respect to
the central values is shown.

Measurement runs

OT_1H |OT_1R | OT 2H | OT 2R | OT_3H | OT_3R | OT_4H | OT_4R

Uncertainty from fit of
track width and from cam- 77 76 74 74 76 76 77 76
era height (m)

Uncertainty from track de-

A . 133 132 128 128 132 132 133 132
tection in the image (m)
Uncertainty from camera |, 91 126 84 130 91 131 89
pose estimation (m)
Uncertainty from focal
length of the camera (m) 32 32 32 32 32 32 32 32
Central Value (m) 2640 | 26261 | 25479 | 25430 | 26204 | 26291 | 26373 | 26195

Table 3-6: The total systematic uncertainty of the calculated traveled distance is shown for each measurement run.

Measurement runs

OT 1H | OT 1R |OT 2H | OT 2R | OT 3H | OT 3R | OT_4H | OT_4R
Central Value (m) 2640 | 26261 | 25479 | 25430 | 26204 | 26291 | 26373 | 26195
Total Systematic
Uncertainty (m) 202 180 197 173 203 181 204 180
Total Systematic
Uncertamty (%) 08 | 07 | 08 | 07 | 08 | 07 | 08 0.7

The total systematic uncertainty of the measured travelled distance ranges from 0.7 to 0.8%, as it can
be seen in Table 3-6.

The comparison of the results with the GNSS (combined with IMU) and GTG references is described in
section 6.3.1.
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3.6.2 Measurement of the local position

In order to track the train motion in the ground reference system, the following information should be

available:

1 Position of the starting points (Ostermundigen and Thun train stations in this case):
o This information is taken from GNSS:

1 Initial yaw of the train:
o This information is taken from track topography (GTG)

1 Camera extrinsic parameters:
0 Measured as explained in Section 3.3.2

1 Absolute scale:

0 Measured as explained in Section 3.4.2

The results of the calculated train position are shown in Section 6.3.3 and compared to the GNSS/IMU
combination.

3.6.3 Detection of the AprilTags

The results of the detection of the AprilTags during the travel from Ostermundigen to Thun are summa-
rized in the following tables.

The tables contain the following data:

= =4 =4 =4

Column ID: Identification number of the detected AprilTags

Column Lat: Nominal latitude of the AprilTags

Column Lon: Nominal longitude of the AprilTags

Column Passing Time: Time, when the train passes the AprilTag. This is calculated from the
tag position, which is calculated in every frame where the tag is detected, and it is back-propa-
gated to an ideal O-distance (distance where the train passes the tag) using the travelled dis-
tance calculated with the template match in images, that have been collected from the front
camera. The uncertainties (in parenthesis) are both statistical and systematics and refer to the
last digits. The statistical error is derived from the different position of the detected tags in con-
secutive frames. The standard deviation of the arrival times is the statistical error. The system-
atic uncertainty takes into account the image processing required to identify the tag, the method
used to recover the tag pose and the tag size. The uncertainty due to the propagation using the
template match has been found to be negligible.

Column Uncertainty: The statistical uncertainty of the arrival time is combined to the systematic
uncertainty and converted to spatial resolution.

Column Nr frames: The number of frames where the AprilTag is detected.
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Table 3-7: The results of the tag detection during the drive from Ostermundigen to Thun (OT_1H) are listed. The tag with
ID 4 was detected in few frames with a dedicated image processing. The statistical and systematic error are therefore
not accurate.

Id Lat Lon Passing time (Stat)(Sys) Uncertainty (m) Nr frames
28 | 46,8695 | 7,5606 | 06:53:58.973 (002)(024) 0.845 10
13 | 46,8678 | 7,5610 | 06:54:04.008 (001)(038) 1.426 4
4 46,8668 | 7,5613 | 06:54:07.080 (000)(001) 0.012 4
20 | 46,8648 | 7,5619 | 06:54:13.248 (002)(017) 0.639 9
18 | 46,8639 | 7,5622 | 06:54:15.931 (009)(021) 0.864 9
29 | 46,8382 | 7,5698 | 06:55:36.145 (002)(020) 0.763 9
17 | 46,8372 | 7,5701 | 06:55:39.151 (008)(029) 1.130 10
23 | 46,8362 | 7,5704 | 06:55:41.974 (015)(024) 1.093 9
8 46,8352 | 7,5707 | 06:55:44.950 (015)(025) 1.155 9
3 46,8337 | 7,5711 | 06:55:49.425 (002)(021) 0.882 10

Table 3-8: the results of the tag detection during the drive from Thun to Ostermundigen (OT_1R) are listed. The tag with
ID 4 was not be detected while the tag with ID 28 was not visible due to another train passing by on the other track.

Id Lat Lon Passing time (Stat)(Sys) Uncertainty (m) Nr frames
3 46,8337 | 7,5711 | 07:16:40.011 (007)(043) 1.653 19
8 46,8352 | 7,5707 | 07:16:44.574 (002)(043) 1.642 18
23 | 46,8362 | 7,5704 | 07:16:47.597 (007)(044) 1.689 19
17 | 46,8372 | 7,5701 | 07:16:50.474 (005)(046) 1.797 20
29 | 46,8382 | 7,5698 | 07:16:53.495 (006)(047) 1.818 19
18 | 46,8639 | 7,5622 | 07:18:08.628 (008)(044) 1.692 18
20 | 46,8648 | 7,5619 | 07:18:11.256 (003)(046) 1.725 19
4 46,8668 | 7,5613 Not detected

13 | 46,8678 | 7,5610 | 07:18:20.476 (011)(048) 1.841 7
28 | 46,8695 | 7,5606 Occluded by other train

Table 3-9: The results of the tag detection during the drive from Ostermundigen to Thun (OT_2H) are listed.

Id Lat Lon Passing time (Stat)(Sys) Uncertainty (m) Nr frames
28 | 46,8695 | 7,5606 | 08:10:25.953 (013)(111) 0.828 46
13 | 46,8678 | 7,5610 | 08:10:48.735 (006)(098) 0.855 41
4 46,8668 | 7,5613 | 08:11:01.408 (012)(092) 0.881 37
20 | 46,8648 | 7,5619 | 08:11:25.170 (003)(086) 0.839 35
18 | 46,8639 | 7,5622 | 08:11:35.052 (005)(081) 0.836 34
29 | 46,8382 | 7,5698 | 08:13:26.125 (015)(024) 1.010 10
17 | 46,8372 | 7,5701 | 08:13:29.314 (014)(026) 1.069 10
23 | 46,8362 | 7,5704 | 08:13:32.309 (009)(022) 0.872 10
8 46,8352 | 7,5707 | 08:13:35.450 (002)(024) 0.899 10
3 46,8337 | 7,5711 | 08:13:40.155 (002)(018) 0.669 10
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Table 3-10: The results of the tag detection during the drive from Thun to Ostermundigen (OT_2R) are listed.

Id Lat Lon Passing time (Stat)(Sys) Uncertainty (m) Nr frames
3 46,8337 | 7,5711 | 08:33:41.947 (015)(044) 1.753 19
8 46,8352 | 7,5707 | 08:33:46.551 (013)(043) 1.694 19
23 | 46,8362 | 7,5704 | 08:33:49.588 (012)(045) 1.788 19
17 | 46,8372 | 7,5701 | 08:33:52.448 (018)(048) 1.963 20
29 | 46,8382 | 7,5698 | 08:33:55.479 (014)(047) 1.880 20
18 | 46,8639 | 7,5622 | 08:35:37.249 (020)(112) 1.660 49
20 | 46,8648 | 7,5619 | 08:35:44.324 (018)(127) 1.666 56
4 46,8668 | 7,5613 | 08:36:03.249 (030)(150) 1.797 60
13 | 46,8678 | 7,5610 | 08:36:13.010 (022)(141) 1.717 59
28 | 46,8695 | 7,5606 | 08:36:28.665 (030)(156) 1.787 57

Table 3-11: The results of the tag detection during the drive from Ostermundigen to Thun (OT_3H) are listed.

Id Lat Lon Passing time (Stat)(Sys) Uncertainty (m) Nr frames
28 | 46,8695 | 7,5606 | 09:26:08.653 (009)(069) 0.838 28
13 | 46,8678 | 7,5610 | 09:26:22.726 (014)(061) 0.877 25
4 46,8668 | 7,5613 | 09:26:30.567 (013)(060) 0.943 23
20 | 46,8648 | 7,5619 | 09:26:44.758 (011)(050) 0.868 21
18 | 46,8639 | 7,5622 | 09:26:50.462 (016)(049) 0.921 19
29 | 46,8382 | 7,5698 | 09:28:27.132 (009)(023) 0.926 9
17 | 46,8372 | 7,5701 | 09:28:30.172 (014)(026) 1.186 9
23 | 46,8362 | 7,5704 | 09:28:33.046 (012)(022) 0.958 9
8 46,8352 | 7,5707 | 09:28:36.056 (002)(025) 0.641 9
3 46,8337 | 7,5711 | 09:28:40.578 (009)(022) 0.922 9

Table 3-12: The results of the tag detection during the drive from Thun to Ostermundigen (OT_3R) are listed. The tag
with ID 13 was not visible due to another train passing by on the other track.

Id Lat Lon Passing time (Stat)(Sys) Uncertainty (m) Nr frames
3 46,8337 | 7,5711 | 10:00:54.920 (016)(047) 1.791 20
8 46,8352 | 7,5707 | 10:00:59.717 (011)(046) 1.720 20
23 | 46,8362 | 7,5704 | 10:01:02.983 (017)(049) 1.856 20
17 | 46,8372 | 7,5701 | 10:01:06.067 (008)(052) 1.919 22
29 | 46,8382 | 7,5698 | 10:01:09.328 (010)(051) 1.862 20
18 | 46,8639 | 7,5622 | 10:02:47.821 (016)(100) 1.699 43
20 | 46,8648 | 7,5619 | 10:02:53.963 (021)(107) 1.717 45
4 46,8668 | 7,5613 | 10:03:08.975 (030)(121) 1.736 41
13 | 46,8678 | 7,5610 Occluded by other train

28 | 46,8695 | 7,5606 | 10:03:36.567 (031)(193) 1.850 81
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Table 3-13: The results of the tag detection during the drive from Ostermundigen to Thun (OT_4H) are listed.

Id Lat Lon Passing time (Stat)(Sys) Uncertainty (m) Nr frames
28 | 46,8695 | 7,5606 | 11:38:17.013 (014)(039) 0.937 15
13 | 46,8678 | 7,5610 | 11:38:25.201 (015)(048) 1.150 10
4 46,8668 | 7,5613 | 11:38:30.336 (000)(039) 0.888 2
20 | 46,8648 | 7,5619 | 11:38:40.870 (003)(038) 0.823 16
18 | 46,8639 | 7,5622 | 11:38:45.487 (002)(043) 0.926 16
29 | 46,8382 | 7,5698 | 11:41:00.482 (007)(038) 0.791 17
17 | 46,8372 | 7,5701 | 11:41:06.622 (006)(046) 0.837 18
23 | 46,8362 | 7,5704 | 11:41:13.094 (009)(052) 0.847 21
8 46,8352 | 7,5707 | 11:41:21.234 (004)(062) 0.826 26
3 46,8337 | 7,5711 | 11:41:36.333 (014)(078) 0.863 30

Table 3-14: The results of the tag detection during the drive from Thun to Ostermundigen (OT_4R) are listed. The tag
with ID 3 was not visible due to another train passing by on the other track.

Id Lat Lon Passing time (Stat)(Sys) Uncertainty (m) Nr frames
3 46,8337 | 7,5711 Occluded by other train

8 46,8352 | 7,5707 | 12:18:52.568 (011)(073) 1.672 31
23 | 46,8362 | 7,5704 | 12:18:57.679 (006)(077) 1.735 34
17 | 46,8372 | 7,5701 | 12:19:02.547 (011)(082) 1.863 34
29 | 46,8382 | 7,5698 | 12:19:07.688 (004)(080) 1.808 33
18 | 46,8639 | 7,56622 | 12:21:16.877 (018)(075) 1.721 32
20 | 46,8648 | 7,5619 | 12:21:21.394 (011)(076) 1.683 32
4 46,8668 | 7,5613 | 12:21:31.747 (022)(077) 1.781 28
13 | 46,8678 | 7,5610 | 12:21:36.984 (014)(075) 1.683 32
28 | 46,8695 | 7,5606 | 12:21:45.371 (020)(083) 1.864 34

As it can be seen in Table 3-7 to Table 3-14, the uncertainty in the measured position is higher when
the train moves backwards, in runs OT_1R, OT_2R, OT_3R and OT_4R. This is due to the fact that the
AprilTags are placed on the left side of the track. Indeed, the AprilTags are closer to the camera when
the train moves forward.

The detection efficiency can be defined as the number of AprilTags detected, divided by the total number
of AprilTags that were visible from the camera. In this way, AprilTags occluded by a train passing in the
other tracks do not count.

Table 3-15 shows the efficiency of the detection of AprilTags for each run. The overall detection effi-
ciency is 100% when the train move forward and 97% when the train move backward.
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Table 3-15: The efficiency of the detection of AprilTags.

L ApriTags : .

Run Train Direction visible | occluded detected Detection efficiency
OT_1H forward 10 0 10 100%
OT_1R backward 9 1 8 89%

OT_2H forward 10 0 10 100%
OT 2R backward 10 0 10 100%
OT_3H forward 10 0 10 100%
OT_3R backward 9 1 9 100%
OT_4H forward 10 0 10 100%
OT_4R backward 9 1 9 100%

3.6.4 Measurement of the extrinsic parameters with a train at rest

On 3 December 2019 video data were collected on a RE420. The measurement required a train at rest
for the estimation of the camera pose.
The camera box has been mounted in different positions at the windscreen, pointing the railway track.
For each camera pose, video data containing 100 frames were stored for post-processing analysis:
1 video_front_ctrl_191203 1428 frame_0O.raw
9 video_front_ctrl_191203 1431 frame_O.raw
1 video_front_ctrl_191203_1432_frame_O.raw (not included since the camera yaw angle
changes)
video_front_ctrl_191203 1433 frame_0.raw
video_front_ctrl_191203 1434 frame_0O.raw
video_front_ctrl_191203_1442_frame_0.raw
video_front_ctrl_191203_1449 frame_0.raw
video_front_ctrl_191203 1452 frame_0.raw
video_front_ctrl_191203 1456 frame_0O.raw
video_front_ctrl_191203_1458_frame_0.raw
video_front_ctrl_191203 1500 _frame_0.raw
video_front_ctrl_191203 1503 frame_0O.raw
The procedure for the automatic estimation of the camera pose is described in Section 3.3.2. In the
following, a summary of the results and detailed plots are shown for each dataset.

E R R

3.6.4.1 Summary

The railway track detection efficiency is measured and compared for each dataset in Figure 3-41.

The lower detection efficiency in dataset 1456 is due to the fact that the camera was not well posed.
The camera pitch is too small meaning that the camera points to a region outside the camera focus.
This results in a poor quality of the image acquired. This can be seen in the detailed description of the
result for that dataset.

Lower detection efficiency has been observed in dataset 1442 and is under investigation. It could be
due to the dirty condition of the windscreen, as can be seen in the detailed description of the result of
that dataset.
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Figure 3-41 Summary of the percentage of the frames where the track was detected.

Figure 3-42 shows the pitch and yaw calculated in each dataset. The red band is the standard devia-
tion of the angle distribution.
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Figure 3-42 (left) Summary of the estimated pitch, (right) Summary of the estimated yaw.

It can be seen that the precision in the estimation of the yaw is higher with respect to the one of the
pitch.
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3.6.4.2 Datasets
In the following, the distributions of the pitch and yaw of each datasets are shown. The lower resolution
measured in some of the datasets is related to the poor measurement of the position of the railway track
in the image.

3.6.4.2.1 Dataset 1428
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Figure 3-43 Left: Image collected from the camera with identified railway track (green). Middle: Image processed with
detected lines (red) and identified railway track (green). Right: Estimated pitch (top) and yaw (bottom) distributions.

3.6.4.2.2 Dataset 1431
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Figure 3-44 Left: Image collected from the camera with identified railway track (green). Middle: Image processed with
detected lines (red) and identified railway track (green). Right: Estimated pitch (top) and yaw (bottom) distributions.

3.6.4.2.3 Dataset 1433
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Figure 3-45: Left: Image collected from the camera with identified railway track (green). Middle: Image processed with
detected lines (red) and identified railway track (green). Right: Estimated pitch (top) and yaw (bottom) distributions.
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3.6.4.2.4 Dataset 1434
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Figure 3-46: Left: Image collected from the camera with identified railway track (green). Middle: Image processed with
detected lines (red) and identified railway track (green). Right: Estimated pitch (top) and yaw (bottom) distributions.

3.6.4.2.5 Dataset 1442
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Figure 3-47: Left: Image collected from the camera with identified railway track (green). Middle: Image processed with
detected lines (red) and identified railway track (green). Right: Estimated pitch (top) and yaw (bottom) distributions.
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3.6.4.2.6 Dataset 1449
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Figure 3-48: Left: Image collected from the camera with identified railway track (green). Middle: Image processed with
detected lines (red) and identified railway track (green). Right: Estimated pitch (top) and yaw (bottom) distributions.
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Figure 3-49: Left: Image collected from the camera with identified railway track (green). Middle: Image processed with
detected lines (red) and identified railway track (green). Right: Estimated pitch (top) and yaw (bottom) distributions.
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Figure 3-50: Left: Image collected from the camera with identified railway track (green). Middle: Image processed with
detected lines (red) and identified railway track (green). Right: Estimated pitch (top) and yaw (bottom) distributions.
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3.6.4.2.9 Dataset 1458

Figure 3-51: Left: Image collected from the camera with identified railway track (green). Middle: Image processed with

o

=]

£ 02 Frames total: 100 1
g v Frames track detecled: 84 %
Mean: .67 deg
go
S o1 Lateral disgli=1 cm ]
g 0.05
2% e el
0 = =
8 82 84 8.6 8.8 9 9.2
Camera Pitch (deg)
203 Frames total: 100
E] Frames track defecied: 84 %
= Mean: 0.1 deg
@ 02 Std Dew: 0.06 deg
g Lateral displ: -41 cm
=]
E o1
=]
Z

05

1

Camera Yaw (deg)

detected lines (red) and identified railway track (green). Right: Estimated pitch (top) and yaw (bottom) distributions.
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Figure 3-52: Left: Image collected from the camera with identified railway track (green). Middle: Image processed with
detected lines (red) and identified railway track (green). Right: Estimated pitch (top) and yaw (bottom) distributions.
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Figure 3-53: Left: Image collected from the camera with identified railway track (green). Middle: Image processed with
detected lines (red) and identified railway track (green). Right: Estimated pitch (top) and yaw (bottom) distributions.

3.6.5 Measurement at night / darkness

The camera box is equipped with infrared illuminators in order to enlighten dark scenes like tunnels. The
camera box is placed within the train behind the windscreen. This limits the power of the illuminator
since only part of the light emitted can pass though the screen and then illuminate the scene. As men-
tioned in section 3.2.4, in condition with poor illumination, the camera exposure and the camera gain
are set to the maximum allowed values.

In Figure 3-54 the collected images are rectified and then transformed to get a bird-eye view. The left
picture shows the image scaled from 10 to 8 bits linearly. In the center, an image scaled from 10 to 8
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bits logarithmically is shown. By scaling according to a logarithmic function, the brightness difference of
dark pixels is enhanced with respect to bright pixels. The right picture shows the result of a threshold-
operation according to the mean brightness in a region of interest containing the track. The track lines,
pointed from the red arrows in Figure 3-54 (right), can be hardly seen.

Figure 3-54: Left: The collected image is converted from 10 to 8 bits linearly. Middle: The collected image is converted
from 10 to 8 bits logarithmically. Right: The logarithmically converted image is processed with an adaptive threshold in
order to detect the railway tracks. The track lines, pointed from the red arrows, are poorly visible in the image and cannot
be detected.

In the example, the calculation of the absolute distance and the tracking of features is not possible. A
possible solution is to increase the illumination of the scene by increasing the power of the illuminator
or by placing it outside the train, so that part of the light will not be reflected from the screen.

3.6.6 Measurement with snow

The performance of the railway track recognition and the determination of the train speed has been
tested on measurements with snow.

On snowy days, both camera exposure and gain are increased in order to compensate for the lack of
illumination. In addition, the snow laying on the track can be very inhomogeneous, meaning that the
brightness levels of the region of interest in front of the track can vary a lot between consecutive frames.
This means that the gain and exposure times shall be accurately controlled in order to avoid artificial
jumps in the brightness of the collected image frames, that are not due to brightness changes in the
scene. Moreover, using the mean value of the brightness for the automatic control function could be not
the best choice since a dark scene with snow spots would lead to an acceptable average brightness
level, although the scene could be not well exposed.

As described in section 3.4.2, the calculation of the absolute distance shouldn ébe influenced by the
change of brightness in consecutive frame. Indeed, the template matching is based on the minimization
of the brightness square difference normalized to the brightness of the images in use.

Figure 3-55 shows the image collected with snow on the track (left) and the railway track can be identi-
fied (center). As expected, the template matching is not affected by the snow on the track and the speed
can be measured (right).
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Figure 3-55 (left): Image collected from St Gallen to Bern (data from drive BSG_1R) with snow on the railway track,
(center): the image is transformed to a bird-eye view where the railway track (magenta) can be identified, (right): the
absolute speed is measured with precision meaning that the template matching is not affected by the snow.

Figure 3-56 shows the image collected with snow on the track (left). As it can be observed, the image
is blurry since the exposure is set to the maximum value due to the lack of illumination and the train
speed is high. The railway track is difficult to identify, as can be seen in Figure 3-56 (center). As ex-
pected, the template matching is not affected by the blurry image and the speed can be measured
(right).
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Figure 3-56: (left) Image collected from St Gallen to Bern with little snow on the railway track. Motion blur can be observed
due to low illumination of the scene and high speed of the train, (center) the image transformed to a bird-eye view where
the railway track (magenta) is difficult to be identified, (right): the absolute speed is measured with precision meaning
that the template matching is not affected by the snow and by the motion blur.

3.6.7 Measurement with heavy rain

Unfortunately, no heavy rain was present in any of the measurements.

3.6.8 Measurement on a foggy day

Unfortunately, no fog was present in any of the measurements.

3.6.9 Measurement on sunny day with shadows

As explained in section 3.2.4, the camera exposure is set depending on the average brightness levels

of a region in front of the train. The scene is well exposed if the brightness levels of the scene are
homogeneous. In case of a bright scene with shadows, the brightness picks both a low and high value.

Figure 3-57 (left) shows the shadow on the railway track caused by a train passing alongside. The
railway track can be detected (green, Figure 3-57 center) and the train speed can be calculated, mean-
ing the travelled distance by means of the template matching is not affected by the shadows in the
example.
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Figure 3-57 (left) Image collected from the camera, where a train is passing nearby causing shadow on the track, (center)
the image transformed to a bird-eye view where the railway track (green) can be identified, (right): the absolute speed is
measured with precision meaning that the template matching is not affected by the shadows.

Figure 3-58 (left) shows the shadow on the railway track caused by a small tunnel. The railway track
can be detected (green, Figure 3-58 center) and the train speed can be calculated, meaning the travelled
distance by means of the template matching is not affected by the shadows in the example.
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Figure 3-58 (left) Image collected from the camera, where atrain is passing ashort tunnel, (center) theimage transformed
to abird-eye view where the railway track (green) can be identified, (right): the absolute speed is measured with precision
meaning that the template matching is not affected by the shadow of the short tunnel.

3.6.10 Measurement on bridges

Figure 3-59 (left) shows the image collected from the train passing the Uttigen bridge. The railway track
can be detected (green, Figure 3-59 center) and the train speed can be calculated, meaning the travelled
distance by means of the template matching is not affected by structure of the railway track in the ex-
ample.

Figure 3-59 (left) Image collected from the camera, where a train is passing the Uttigen bridge, (center) the image trans-
formed to a bird-eye view where the railway track (green) can be identified, (right): the absolute speed is measured with
precision meaning that the template matching is not affected by the ground structure of the bridge.
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Figure 3-60 (left) shows the image collected from the train passing a bridge close to Brig. The railway
track can be detected (green, Figure 3-60 center) and the train speed can be calculated, meaning the
travelled distance by means of the template matching is not affected by structure of the railway track in
the example.
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Figure 3-60 (left) Image collected from the camera, where a train is passing the bridge before the Brig station, (center)
the image transformed to a bird-eye view where the railway track (green) can be identified, (right): the absolute speed is
measured with precision meaning that the template matching is not affected by the ground structure of the bridge.

3.6.11Measurement with a tilting train

Unfortunately, no measurement with a tilting functionality was available. The tilting functionality on
RABDe 500 did not work on the day of the measurement.
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4 Sensor Technology FOS (Fiber Optic Sensing)

It is customary for communications companies to install their fiber optic cables running alongside train
tracks for various reasons. Many pairs of cables are usually installed, resulting in spare cables that can
be used for expansion or other purposes.

FOS can use a pair of fiber optic cables for runs of currently up to 40 Km in order to sense mechanical
vibrations (sound) in sections of the fiber optic cable creating a high sensitivity passive distributed sensor
which can report the vibration profile across the whole cable at a rate of thousands of times per second.

4.1 Objectives

The objective of using FOS as a sensor is to be able to track moving trains, their position, front and rear
ends, velocity, length, etc., in almost real time, with a predefined maximum allowed latency defined by
the user.

As the name implies, FOS works by using an already existing fiber optic cable which was already laid
out alongside the train tracks.

As long as the train is moving above a certain speed, FOS can pinpoint its location with absolute accu-
racy and is not subject to error accumulation. It also works well in tunnels, where some technologies are
not available (GNSS) or have great difficulty dealing with the low light conditions (Video).

4.2 Introduction

The fiber optic cable used for the FOS measurements was installed adjacent to the train tracks in an
almost straight line from Munsingen to Thun as depicted in Figure 4-1. For the purposes of acoustic
sensing, the fiber was logically divided into 1190 segments of 8.167619 meters in length each and the
measurements were done using the ODH-3 equipment from OptaSense.

Figure 4-1: Fiber optic cable path
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The fiber optic cable used is an ordinary cable which was already installed for communications purposes
and no special installation was used for FOS expect for the active components at the endpoints. A
calibration run was done by SBB and Optasense in order to map each catenary mast along the track to
its respective fiber channel. From there it was possible to interpolate each channel to its linear position
along the track, which is essential to determine the physical quantities we are looking for (see Table 4-1
much further below).

In broad terms, each section of a fiber optic cable (channel) is represented by a certain point in it whose
relative displacement in relation to its resting position is measured at predefined intervals (sampling
rate). This displacement varies greatly from channel to channel and is dependent not only on the source
signal but also on many factors which attenuate and distort the signal until it reaches this measuring
point.

It is expected that the measurement values of each channel are proportional to the acoustic vibration
(sound) at its representative point and the whole fiber optic cable can be seen as a sequence of inde-
pendent microphones. In this model, however, each microphone has a different attenuation profile and
reports signals which, in general, bear little resemblance with each other, especially in relation to their
dynamic ranges, even though we can expect fgradualovariations from channel to channel.

In order to present the results and algorithms, we have chosen an interval of data where the measuring
train was present, along with some other trains that usually ride on this track segment.

The chosen interval is a 15-minute interval from 14-June-2019, starting 0.2 ms after 6:45 am GMT which,
for all practical purposes, can be regarded at 6:45 am sharp (2019-06-14T06:45:00:0002002).

The data is composed of 32-bit (4-byte) integers sampled at 2500 Hz for each of the 1190 channels.
The total date rate for this segment is, therefore, 4 x 2500 x 1190 = 11.900.000 bytes per second to be
processed in almost real time.

4.3 Analysis Architecture

The FOS analysis can be divided into 2 clear parts:

1. Intra channel: which looks at each channel independently of all others. Intra channel analysis
should be responsible for the filtering, thresholding, power and spectra calculation, and any
other transformations done behaving as each channel is independent of all others.

2. Inter channel: A higher level which only deals with the events generated from the intra channel
analysis and which looks across all channels, actually tracking the moving objects. This level
should also deal with the physics of the tracked object and, ideally, should feedback its results
or predictions to the intra channel level which could use this information in order to dynamically
adjust its running parameters, increasing both the accuracy and the precision of the whole sys-
tem.

The intra channel analysis has the goal of generatin;
ono and fAtrain off 0 eassngoraot, respectively, ih feontef this sharmel. Tiresei n p
events are then used by the inter channel analysis to track the train front and rear ends across channels

in relation to time. The inter channel analysis can then be used to report train position, speed, and length

among other values.
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4.3.1 Signal and Silence

It is extremely important to be able to detect fsilenceo periods, i.e., periods of time during which oo
vibration or sound is being reported. In other words, it is imperative to be able to detect and classify
background noise and differentiate it from periods when a signal is and is not present. If silence periods
can be reliably detected, any deviation from it is a noteworthy event that should be investigated

Unfortunately, as will be discussed later, the signal which gets reported when there is no vibration does
not possess the characteristics of neither white nor pink noise and presents some very high-power low
frequency components.

Apart from thermal and systemic noises, it must be pointed out that there can be other sources of signals
which are powerful enough to be detected and may, therefore, influence the measurements. These
signals are considered fmoiseofor the purposes of train detection but, as expected, do not possess the
characteristics of random noise (and never will). These are in fact signals that should and are being
measured but finterferedwith the signal being searched for, which is a train passing.

It should also be clear that even though there is a relation between the channel number and its linear

position alongside the track, the fiber route may not strictly follow the track and so the total fiber length

can exceed the total track length. Many channels are located inside stations (go in and out) or are in

fact parts of cable slack (loops) at certain positions along the path. These channels still report some
signals but should, in general, be theicadcolaiondf¢hdtrams t hey
movement. Measurements were made at every pole in the path in order to map the channel number to

each pole.

All algorithms and techniques used here were developed to be used in almost freal timeq i.e., the train
tracking should be done using a predefined maximum latency after receiving the raw data and should
be executable by using fregularocontemporary workstations.

4.4 Intra Channel Analysis

The intra channel analysis uses the raw data for each channel in an independent manner in order to
detect the passage of a train. It is, in fact, concerned about distinguishing periods of time when the
incoming signal is not noise, i.e., it reports the current status of each channel in relation to noise.

At every time step each channel will be represented by a binary value indicating the detection or not of
some sort of signal which is different enough from white noise.

4.4.1 Channel Raw Data

We have chosen to depict 3 channels which present different characteristics in order to demonstrate
some of the problems and difficulties that were encountered and also to motivate the search for different
measures that could be used in a simple and consistent manner and that do not rely on the magnitude
of the signal.

Each channel will present varying amplitudes whose values are not know a-priori and neither can be
trusted to stay within a measured range for all times. This is expected due to differences in the signal
source (train) and also on the unpredictable and varying conditions of the fiber optic cable and its envi-
ronment, e.g. soaked soil due to rain in contrast with dry soil, temperature variations, etc. will influence
the attenuation of the signal until it finally reaches the measuring point.
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Due to the scaling used in the following figures, the edges look sharp but, in fact, trains can be detected
from quite far away, i.e., for each channel , t
and long after they are gone, albeit with increasing and decreasing average energy, respectively. This
means that the observed signal envelope tends to gradually increase for the front end and decrease for
the rear end on average, which means that we cannot use instantaneous values but we must average
the values over a period oftimeand,hence, the fAal mosto real ti me

Figure 4-2 shows the raw data for channel 190. Just by glancing at this figure, it can be easily seen that
there are 4 i s h antetvads that stand out (where the signal oscillates with a much higher amplitude).
These are, in fact, representative of trains moving through this channel. Of special interest is the mag-
nitude (absolute value of the amplitude) the signal attains at these intervals, which is between 500.000
and 1.500.000 approximately (no units are reported).

1e6 Channel #190 (Start time: 2019-06-14T06:45:00.0002002Z)

1.0

0.5

Amplitude

]
!
T
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0.0 0.5 1.0
Time (1/2500 s) 1e6

Figure 4-2: Channel 190 raw data

In contrast, Figure 4-3 shows the raw data for channel 820. Once again, we can clearly distinguish 4
Aishortd intervals where the amplitude is great
channel 190. In fact, the range goes from 10.000 to 30.000 approximately. Just like channel 190, this
channel also presents a 3-fold increase from the low to high values but their absolute values are orders
of magnitude smaller than the ones from channel 190.

Further investigation shows that this channel is in the Kissen train station and most probably the signal
gets highly attenuated until it reaches the fiber optic cable. Figure 4-4 shows an aerial view of this section
of the track.

It should be pointed out that the reported signal amplitude is dependent on the strength of the vibration
at the measuring point which is a function, among other things, of the power of the source signal. This
means that different amplitudes are expected depending on the length, weight, and speed of each train.
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Channel #820 (Start time: 2019-06-14T06:45:00.0002002)
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Figure 4-3: Channel 820 raw data

Figure 4-4: Kiesen station and respective channels

Finally, Figure 4-5 shows the raw data for channel 1050. The data for this channel looks a little different

from the other 2, even though there are still 4 cl eal
tionately higher than the rest of the signal which are, in fact, due to the passage of trains. For this

channel, the range goes from 100.000 to 300.000, approximately, which is an order of magnitude higher

than channel 820 but half an order of magnitude lower than channel 190. Once again, the amplitude

levels show a 3-fold increase, approximately.

Thi s

ti me, however, d hreotisad emcm®otimd eas atllse apr evi ous
many fAsm

all 6 peaks which warranted further investigat
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400000 Channel #1050 (Start time: 2019-06-14T706:45:00.000200Z)
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Figure 4-5: Channel 1050 raw data

These are, in fact, the signals produced by cars passing by on a highway that runs parallel to the tracks
between channels 1030 and 1072 as can be seen on Figure 4-6.
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Figure 4-6: Highway close to the train tracks

Even though these signals have a | ower amprdéranyde t han
classical definition and do present problems for train detection based on signal energy as they require
adaptive algorithms with constant monitoring of energy levels in order to reliably filter them out.
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4.4.2 Signal Energy and Power

Given a sequence of consecutive samples of length O from the original infinite sequence, the energy O
of a compactly supported discrete signal @ in an interval of length § that goes from sample Qup to
Q 0 p isdefined as the sum of the squares of its values in this interval, i.e.,

O ()

This sequence of samples can be viewed as the multiplication of the original signal by a rectangular
window of length U starting at sample Q Assuming the independent variable ¢ denotes time, we can
define the discrete power 0 of this signal as simply the mean value of its energy in this interval, which
will have the dimensionality of energy over time, i.e.,

- O p
O 0

The power as defined above make the measure more robust in relation to the window length, allowing
for comparable levels for different window lengths.

Both the energy ‘O and power 0 of a signal are, therefore, positive values and are usually converted to
a logarithmic scale known as decibel (db) which is defined as

{1 iy

to better cope with the large dynamic range (many orders of magnitude) arising from these simple com-
putations.

The signal power can be used as a first measure to analyse the signal and can, in fact, be used in order
to generate the necessary events for train detection. It is probably the simplest and fastest way to detect
the passage of trains as long as the silence power levels for each channel are below a certain threshold,
which can be derived from sample data for each channel in an initial run.

4.4.3 Section and Step Length

The window length 0 plays an important role in the analysis of the signal. For accuracy, it is desirable
to use the shortest window length possible that still reflects the low frequency components which are
important.

The step size Q which is the number of samples to move the window, reflects the frequency with which
the results are reported and usually allows for overlapping windows.

This means that the power calculations for the next windows will reuse many samples from the previous
windows, effectively working as a lowpass filter and blurring the results by a certain amount.

Figure 4-7 shows the resulting plotwhen 0 ¢ v Tand Q ¢ vitwherei TipltF8, that correspond to
1 second long windows at every 100 ms. In this case, there are 8991 steps, 1 for the first second and
10 for each of the remaining 899 seconds of the 900 second interval.
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Figure 4-7: Raw data power using a 2500 sample (1 sec) window and a 250 sample (0.1 sec) step

The bright traces are clearly recognizable and stand out from the mostly dark but noisy background. It
can be clearly seen that there were 3 trains going from Mulnsingen (channel 0) in direction to Thun
(channel 1189) which move at almost constant speed (slope) and another moving in the opposite direc-
tion which makes 2 stops (accelerates and decelerates).

As expected, the trains fAdi sappear o when they
from Thun towards Miinsingen stops at each station.

Many other features also stand out from the noisy dark background:

1 Many smaller inclined lines with both positive and negative slopes are seen on the higher chan-
nels (where the highway is close to the tracks)
1 Very low energy levels (very dark) at the Kissen station (around channel 820)

T Very | ow energy and signal ijumpo at Wi chtrach

fiber slack (loop).

st

1T Some sections with a firect anguhammne lssh agpree whtiicehd d ni

i.e., vibrate in unison (short bridge length and a few other places).
1 Many vertical lines in the background

Using a different window length of 500 samples (200 ms) and the same step size of 250 samples
(100 ms), the resulting power plot is shown in Figure 4-8.

Apparently, the differences at this scale are not very significant at first glance but we can expect the
bright traces to be narrower for the shorter window length.

It should be noted that using 500 sample windows will result in 8999 steps for the 900 second (15
minute) interval as only the first step will be skipped. In order to be able to compare the results we have
skipped the first 8 steps for this window size so that both windows are aligned in time and start after
2500 samples have been gathered.

Both plots can be interpreted as the power calculated with a window which ends at the current sample,
i.e., using the previous 0 samples up to the current one and both start at the same time, which is 1 sec-
ond after the start of the sample 15-minute interval used for the current report.
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Figure 4-8: Raw data power using a 500 sample (0.2 sec) window and a 250 sample (0.1 sec) step

Figure 4-9 shows the power difference between the 2500 and 500 sample windows, which makes it
apparent that the edges present larger differences and confirms the hypothesis of shorter trace widths
using a narrower window. Also, narrow windows will produce sharper edges but will also present more
noise in both the background and signal areas.

Power (db) (Start time: 2019-06-14T06:45:01.0002002)

0 5000
Time {100 ms)

Figure 4-9: Difference between the raw 2500 sample (1 sec) and the 500 sample (0.2 sec) window

In these pictures, low values are represented with a darker shade while high values are represented by
a brighter shade. It can be seen that, horizontally, there is a darker line that always precedes a bright
one in time. This means that a longer window will present lower values for the train front and higher
values for the train rear.
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4.4.4 Highpass (DC notch) Filter

Some channels present a slowly varying fixed offset (DC level) that should be removed as this greatly
affects the power calculations and induce large errors at the thresholding stage. This means that some
sort of filtering needs to be done on the original signal in order to remove these very low frequency
components before calculating the power of the signal.

A simple DC notch filter should be enough to remove DC and very low frequencies and its design re-

quires the specification of a single parameter. One possible design parameter is the specification of the
filterds cutoff (half power) frequency which | eads to
implementation.

As an example, using a rate of 0.995 (adaptation constant of 200 samples) would create a DC notch
filter with a cutoff frequency of around 2Hz (1.99442Hz) using a 2500Hz sampling rate. Also, the removal
of some very low frequencies should help with the removal of some periodic noise that could be respon-
sible for some of the vertical artefacts seen on the previous power plots.

Figure 4-10 shows the resulting plot using the 2500 sample window on the DC notch filtered signal.
Comparing it with Figure 4-7, it is clear that the background has lower power levels (is darker), indicating
that there was a significant amount of power that was derived from these very low frequencies which
was removed using the DC notch filter.

Power (db) (Start time: 2019-06-14T06:45:01.0002002)

Channel

00 501
Time {100 ms)

Figure 4-10: DC notch filtered data power using a 2500 sample (1 sec) window and a 250 sample (0.1 sec) step

Figure 4-11 shows the resulting power plot using the DC notch filtered signal with 500 sample long
windows. The same remarks can be applied here, when comparing it with Figure 4-8. Once again, at
first glance it is not easy to distinguish the differences between these 2 plots but a careful inspection
shows the blurring caused by the longer window length.

For completeness, Figure 4-12 shows the difference between the power plots for the 2500 and 500
sample long windows when using the DC notch filtered signal. Careful comparison with Figure 4-9 re-
veals a much smoother background, showing that most vertical artefacts due to low frequency compo-
nents have been removed from both window lengths, otherwise they would have to appear as a dark
and bright pair of lines in the difference plot.

Page 75 of 168



smartrail 4.0 LCS Localisation

Power (db) (Start time: 2019-06-14T06:45:01.000200Z)
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Figure 4-11: DC notch filtered data power using a 500 sample (0.2 sec) window and a 250 sample (0.1 sec) step
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Figure 4-12: Difference between the DC notch filtered 2500 sample (1 sec) and the 500 sample (0.2 sec) window

It should be noted, however, that the lower channels still exhibit quite a large amount of low frequency
power (bright background) which suggests that a stronger high pass filter should be applied. However,
the amount of filtering should be just enough in order to make the background behave like white noise,
if possible, as it also eliminates important signal information.
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4.4.5 Spectrum Analysis

Better tools for dealing with both the noise and the data are available by transforming the signal into the
frequency domain.

By increasing the computational power required to process the signal but still keeping it well within the
bounds of current technology to do this in real time, we can calculate the power spectrum density (PSD)
for each channel which, in turn, can be manipulated with the objective of eliminating noise and undesired
signals as well as allowing the use of other metrics for thresholding which are invariant to scale (ampli-
tude independent).

The PSD will decompose the signal power into its constituent frequencies which allows us to basically
try to remove our dependency on the magnitude of the spectrum (amplitude) and concentrate on its
distribution of energy among its frequencies (profile) expecting that train signals present an entirely
different profile from the one from noise.

The basic tool for frequency analysis is the Discrete Fourier Transform (DFT) which possesses a fast
algorithm for its computation known as the Fast Fourier Transform (FFT). Some details about the DFT
which are worth mentioning are:

1. Both the time and frequency sequences are periodic with period given by the interval length: an
implicit assumption given by the nature of the DFT is that the input sequence is periodic and so
is the transformed sequence;

2. Time localisation is lost: the values of the transform give the frequency components for the
whole periodic signal and altering any frequency coefficient will not result in a coherent signal
in time (aliasing in time) - if the intention is to go back to the time domain (perform an inverse
transform) then altering the frequency coefficients will most probably not result in a meaningful
time signal;

3. Energy conservation: the energy or power of the signal is preserved which means that calculat-
ing the power using the original signal samples or the transform coefficients should yield the
exact same results (Parseval ds theorem).

4.4.6 Signal Filtering

As expected, the use of a DC notch filter helps with removing unwanted noise. However, as we have no
intention to ever reconstruct a time signal but are mostly interested in thresholding a measure which
indicates that a signal is present, we can filter unwanted frequencies in a much more efficient and easier
manner by just eliminating the DFT bins which correspond to the unwanted frequencies (filtering in the
frequency domain).

In fact, our main goal is to be able to properly characterize the background noise, i.e., filter the signal in
such a way that the resultant frequency profile resembles white noise in the time intervals when there
is no vibration (no significant object moving).

Also, we can expect to eliminate weaker signals by applying stronger filtering, i.e., eliminating more
frequency bins, assuming that meaningful higher harmonics will only be present in a significant amount
for stronger signals, which generate stronger harmonics.

4.4.7 Power Spectral Density Estimation
The signal power can be better estimated and broken down into its constituent frequencies by using the
magnitude squared of its DFT coefficients. As energy is preserved by the DFT, the final power using the

transformed coefficients should be exactly the same as the original power calculated using the original
coefficients.
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Having the contribution of each frequency, however, allows us to filter out the frequencies that are too
noisy to be useful and also concentrate on the highest frequencies possible, as these will provide
sharper edges for thresholding.

Also, the availability of the PSD allows us to move away from the simple power calculations and into
different measures which are based on the normalized PSD, so that the magnitude is of little relevance
for the calculation of the measure.

In fact, we may regard the problem of train detection using FOS as an audio activity detection and apply
some of the methods used for speech detection in this context.

4.4.8 Periodogram

The periodogram is the building block of many PSD estimation techniques and consists of the squared
magnitude of the DFT coefficients, i.e., the periodogram is nothing more than the magnitude squared
coefficients of the Short Time Fourier Transform (STFT).

The main problem with a single periodogram for PSD estimation is that the variance at a given frequency
does not decrease when the number of samples 0 increase.

In fact, even if the estimate did get better for longer 0 (which is not the case), we would still only be
interested in the shortest value of 0 possible to reduce the blurring caused by longer signals, as we are
using the whole block of 0 samples as the time interval for the purposes of edge detection and thresh-
olding.

There are other methods which use many periodograms and average their results that yield better esti-
mates. These methods usually achieve lower estimate errors by reducing the resulting frequency reso-
lution.

4.4.9 Welch Power Spectral Density Estimation

The method of averaged periodograms, also known as the Welch method, trades PSD noise by fre-
guency resolution. It reduces noise in the estimated PSD in exchange for reduced frequency resolution.
In general, the variance of each frequency bin is reduced by the number of periodograms averaged.

It works by dividing the signal into overlapping segments, i.e., the original signal is split up into 0 data
segments of length 0 , overlapping by ‘O samples. This meansthat 0 0 0 p 0 ©O,where0
is the signal length.

Using the raw signal (without any filtering) with the following parameters: 0 v M,® ¢ v,7and O
p ¢ esultsin 0 o segments of 250 samples in length which overlap by 50% (125 samples) generating
3 periodograms which were then averaged resulting in the final PSD estimate for this 500 sample signal.
These values were used for the examples presented, but different values using a higher number of
segments would yield better estimates. Also, using a segment length which is a power of 2 might speed
up the calculations by quite a significant margin for most FFT implementations.

As the original signal is being simply truncated, this is the same as multiplying the original infinite signal
by a rectangular window of length 500.

The resulting PSD (in db) for channels 190, 820, and 1050 are plotted in Figure 4-13, Figure 4-14, and
Figure 4-15, respectively. The train passages consist of brighter vertical strips which can be identified
with relative ease for the first figure but with more difficulty for the other 2.
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Channel #190 PSD (db) (Start time: 2019-06-14T06:45:00.200200Z

500
Time (100 ms)

Figure 4-13: Channel 190 PSD (db) 500 (3 x 250 + 125) x 250 (rectangular)

Channel #820 PSD (db) (Start time: 2019-06-14T06:45:00.200200Z
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Figure 4-14: Channel 820 PSD (db) 500 (3 x 250 + 125) x 250 (rectangular)

Channel #1050 PSD (db) (Start time: 2019-06-14T06:45:00.2002002)

5000
Time (100 ms)

Figure 4-15: Channel 1050 PSD (db) 500 (3 x 250 + 125) x 250 (rectangular)
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Due to the use of a rectangular window, spectral leakage occurs and all plots present many thin vertical
lines that should not really exist.

4.4.10Spectral Leakage

Spectral leakagei s a broad term which refers to the power of
bouring frequencies.

This could be caused by sampling itself, in which case it is also referred as aliasing, but more frequently
it is due to the multiplication of the original time series by a function which is zero outside the desired
domain (window function). Multiplication in time results in convolution in the frequency domain so that
the net result is that the signal DFT gets convolved with the window function DFT.

Spectral leakage cannot be entirely eliminated but it can be reduced by using appropriate windowing
techniques before calculating the DFT. In fact, window functions allow for the distribution the frequency
leakage spectrally in different ways, according to each need.

4.4.11Windowing

A Window function, also known as an apodization function or as a tapering function, is a function used
to smoothly bring a sampled signal down to zero at the edges of the sampled region. This suppresses
leakage side-lobes which would otherwise be produced upon performing a DFT, but the suppression is
at the expense of widening the lines, resulting in a decrease in the frequency resolution.

The rectangular window, which has been implicitly used so far, does allow for high energy leakage into
frequencies which are quite distant from the real ones and does not produce good results.

There exists a huge number of windows which can be used depending on the application and most of
them present a large improvement in relation to the rectangular window regarding frequency leakage.
A good general-purpose window is the Hann window which is defined as:

ot
6 2o AP &
C 0O

The Hann window was used for the examples presented here but there may be other windows which
produce slightly better results, e.g., the Blackman window. The difference, however, is somewhat subtle
and the choice of window is largely open to debate and results using different windows should be com-
pared.

Figure 4-16, Figure 4-17, and Figure 4-18 show the resulting plots of the PSD for channels 190, 820,
and 1050, respectively, using a Hann window.
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Channel #190 PSD (db) (Start time: 2019-06-14T06:45:00.200200Z
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Figure 4-16: Channel 190 PSD (db) 500 (3 x 250 + 125) x 250 (hann)

Channel #820 PSD (db) (Start time: 2019-06-14T06:45:00.200200Z
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Figure 4-17: Channel 820 PSD (db) 500 (3 x 250 + 125) x 250 (hann)

Channel #1050 PSD (db) (Start time: 2019-06-14T06:45:00.2002002)
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Time (100 ms)

Figure 4-18: Channel 1050 PSD (db) 500 (3 x 250 + 125) x 250 (hann)
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Comparing these with the ones using the rectangular window, there is a marked improvement in the
leakage (most thin vertical lines have disappeared) but at the expense of a less distinct and more blurred
signal.

Also, when using the Hann window, some frequency bins get highly attenuated and show up as dark
horizontal Iines in the above 3 plots. These frequenc
or 1/ 2, 3/4, ¢é of the Nyquist frequency.

For completeness, the PSD for all channels using the Welch method with both a rectangular and a Hann
window are shown in Figure 4-19 and Figure 4-20, respectively.
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Figure 4-19: Welch PSD (db) estimate 500 (3 x 250 + 125) x 250 (rectangular)
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Figure 4-20: Welch PSD (db) estimate 500 (3 x 250 + 125) x 250 (hann)

These 2 plots should look alike, as they use the whole energy from all frequencies. In fact, these 2 plots
should look pretty much the same as Figure 4-8, which is simply the power plot using the same param-
eters.

4.4.12 Frequency Domain Filtering

As discussed before, there is no intention of going back to the time domain so we can analyse the signal
power in the absence of some frequency bins. In fact, we can eliminate most of the power contributed
by the low frequency components by simply setting their DFT magnitude to 0 and computing the power
of the resulting signal.

Also, as discussed with the manufacturer of the sensing equipment (OptaSense), there is not much
information collected above a quarter of the sampling frequency (2500 / 4 = 625 Hz) which would be
attenuated in any case by the use of the Hann window. Therefore, we have also chosen to eliminate all
frequencies above a certain value.

The net result is a bandpass filter done in the frequency domain by eliminating some low and high
frequency bins from the DFT.

The resulting PSD plots using only frequency bins 6 to 40 which is equivalent to a bandpass filter from
60 to 400 Hz are shown in Figure 4-21 and Figure 4-22 for both the rectangular and Hann windows,
respectively.

Figure 4-21: Welch PSD (db) estimate 500 (3 x 250 + 125) x 250 (rectangular) from 60 to 400 Hz
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