M2 CHALMERS

UNIVERSITY OF TECHNOLOGY

Basis for an Improved Prediction Model
and Source Model for Railway Noise in
Nord2000

Master’s Thesis in Sound and Vibration (M.Sc.)

Vincent Ratay

Department of Architecture and Civil Engineering
Division of Applied Acoustics

CHALMERS UNIVERSITY OF TECHNOLOGY
Gothenburg, Sweden 2024
www.chalmers.se


www.chalmers.se




MASTER’S THESIS 2024

Basis for an Improved Prediction Model
and Source Model for Railway Noise in Nord2000

Vincent Ratay

CHALMERS

UNIVERSITY OF TECHNOLOGY

Division of Applied Acoustics
CHALMERS UNIVERSITY OF TECHNOLOGY
Gothenburg, Sweden 2024



Basis for an Improved Prediction Model and Source Model for Railway Noise in Nord2000
Vincent Ratay

© Vincent Ratay, 2024.

Supervisors:  Astrid Pieringer  Division of Applied Acoustics
Magnus Kéllman Trafikverket
Mikael Ogren Arbets- och Miljomedicin, Géteborgs Universitet

Examiner: Astrid Pieringer  Division of Applied Acoustics

Master’s Thesis 2024

Department of Architecture and Civil Engineering
Division of Applied Acoustics

Chalmers University of Technology

SE-412 96 Gothenburg

Telephone 446 31 772 1000

Typeset in WTEX
Printed by Chalmers Reproservice

Gothenburg, Sweden 2024



Artificial Intelligence Tools Disclosure

This thesis utilised Artificial Intelligence tools in the following ways:
e Code optimisation
e Plot formatting in Matlab
e Table formatting in LaTeX

e Data structure suggestions



Basis for an Improved Prediction Model and Source Model for Railway Noise in Nord2000
Vincent Ratay

Department of Architecture and Civil Engineering

Division of Applied Acoustics

Chalmers University of Technology

Abstract

The prediction models Nord2000 and CNOSSOS-EU are used to assess railway noise. The
source models of these prediction models are simplifications of the complex sound radia-
tion of trains. Therefore, the exposure from these source models close to the train is not
accurate. This thesis aims to improve the vertical sound power distribution over equiva-
lent sources, as well as the prediction of the overall sound power radiation from trains in
Nord2000, based on the speed and the type of train.

A linear equation system, which describes the propagation path between equivalent sources
on a train and several microphones, is used to streamline the calculation method in
Nord2000. For a more accurate prediction of the overall sound power radiation, based
on the speed and type of train, a linear regression model, a neural network, and a decision
tree model are built, trained and evaluated with a dataset of measured train pass-bys.
The determined linear equation system of the propagation path, in combination with ex-
isting measurement data, is also solved to find the vertical sound power distribution over
equivalent sources.

The prediction models are evaluated using a test dataset, that is split from the original
dataset and not used in the training phase of the models. Comparison against the predic-
tions with the Nord2000 model shows a potential for improvement of the current prediction
model. The linear regression model yields reliable predictions, while the neural network
and decision tree are more affected by outliers in the data and, therefore, result in a worse
overall prediction. The method to find vertical sound power distribution only yields results
at low frequencies. Generally, more sound power contribution from the sources, higher on
the train, can be seen around 40 Hz and around 200 Hz.

While the prediction of the sound radiation from a train, based on the speed and type
of train, can be improved with the new linear regression model in this thesis, it was
not possible to incorporate the rail and wheel roughness into the models, as the wheel
roughness could not be derived from the available data. As the roughness of both the rail
and wheel is the root cause of rolling noise, the performance of the models might not be
limited by the amount of data, but the absence of the determining factor to predict rolling
noise, the roughness of the rail and wheel.

The results from the method to find a vertical sound power distribution on a train are
contrary to the results according to the literature. Finding an appropriate vertical sound
power distribution with measured sound exposure levels at only two microphones might
not be at all possible, as transfer paths between sources and microphones are too similar.
Finding an accurate vertical sound power distribution might require array measurements.
These measurements have to be carefully evaluated, as they can underestimate the sound
power contribution from the rail when beam-forming is only carried out in the normal
direction to the track.

Keywords: Railway Noise, Prediction Model, Source Model, Nord2000
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Below is the list of acronyms that have been used throughout this thesis listed in alpha-
betical order:

LQS Linear Equation System
RMSE Root Mean Square Error
SEL Sound Exposure Level
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Nomenclature

Below is the nomenclature of indices and variables that have been used throughout this

thesis.

Indices

frequency band
source
microphone
segment

Sources A and B

Acoustic Quantities

E
Lg
Pref
p(t)

Sound Exposure

Sound Exposure Level

Reference Sound Pressure of 2- 1075 Pa
Sound Pressure

Sound Pressure Level

Reference Roughness of 1 um

Roughness in pm

Roughness Level

Sound Power

Sound Power Level

Sound Power Level per 1 m of Train Length
Level Corrections

Level Correction for Air Attenuation
Correction Factor for Air Attenuation
Level Correction for Spherical Divergence

Correction Factor for Spherical Divergence
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fcvfl)fu

Level Correction for Ground Reflection
Correction Factor for Ground Reflection
Time Correction Factor

Frequency in Hz

Wavelength in m

Center Frequency, Lower Bound and Upper Bound of Frequency band

Geometric Quantities

d Distance between Source and Microphone
Iy Length of Train
lseg Length of Segment
Other Variables
a Slope of Linear Regression Model
b Intercept of Linear Regression Model
Vg Speed of Train
T Transfer Matrix
« Parameter of Speed Dependency in L, x « - 10log(v)
Qg Air Attenuation of Atmosphere in dB/km
Og Flow Resistivity of Ground in %
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1. Introduction

The environmental noise model for traffic noise, Nord2000 [1], which is commonly used in
the Nordic countries, also includes a prediction model for railway noise. This prediction
model, as well as the widely used CNOSSOS-EU [2], both mention imprecision in their
source models for trains. The main issue in their source models is the unknown vertical
sound power distribution. The source models make use of equivalents sources and while
few equivalent sources might be adequate to assess the exposure far away from the track,
the assessment is not representative when positions close to the track are considered. As
the use of low height noise screens close to the rail is sought after, a more accurate source
model is necessary. With the existing models the effect of low height noise barriers can
not be predicted accurately and without an accurate prediction of the effect of low height
noise barriers, they are hard to justify in the planning phase.

This thesis aims to improve the prediction of the overall sound emission from trains. It is
also sought after to improve the source model, to better estimate the effect of low height
noise screens. For that purpose, equivalent levels are considered, rather than maximum
levels and the main focus lies on the prediction of trains in the Swedish railway network.

1.1. Structure

This thesis approaches the improvement of the prediction model of railway noise in
Nord2000 from two angles:

e Predicting the sound emission from a train, based on its speed and its type or

category.

e Finding appropriate vertical sound power distribution over equivalent sources.
The model to predict the total sound power emission of a train, based in the speed and
type of train, is evaluated. New models are build with different prediction models, based
on a dataset of pass-by measurements. The new models to predict the total sound power
of a train are build with a linear regression, a neural network, and a decision tree. The new
models are then compared to the existing prediction methods in Nord2000 and CNOSSOS-
EU.
Another important aspect of the sound emission from trains is the vertical position of
equivalent sound sources and the distribution of sound power over them. To find appro-
priate equivalent sound sources on a train, a linear equation system (LQS) that connects
the sound power of equivalent sources and the measured sound exposure level (SEL) via
the transfer paths is formulated and solved.
These two approaches to improve the prediction model in Nord2000 are evaluated and
compared to the existing model, as well as to findings in recent literature.

1.2. Common Noise Assessment Characterisics

A measure commonly used to characterise the exposure to sound is the SEL Lg defined
in Eq. (1.1), with Tj) = 1s as the reference time, T' as the measurement time, p(t) as the
sound pressure, and pyef = 2-107° Pa as the reference sound pressure. The SEL represents
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the level of a rectangular impulse of 1s with the same exposure as the measurement [3,

p. 105].
17 p(t)?
Li = 10log( — / dt 1.1
E g(To 0 p%ef ( )

The emission of a source, independent from its surroundings can be described with the
sound power level Lyy. The sound power level is defined as seen in Eq. (1.2), with the
emitted sound power W of a source and the reference sound power Wyes = 10712 W.

W
Ly = 1Olog(W ) (1.2)
ref

Note that the commonly used logarithm with base 10 (log,,) is abbreviated as log in this
thesis.



2. Literature Study

2.1. Sound Emission Mechanisms on Trains

The relevant sound emission mechanisms covered in this thesis are rolling noise, aerody-
namic noise, and traction noise. As shown by Thompson et. al. [4], the two dominating
sound emission mechanisms, rolling noise and aerodynamic noise contribute to the sound
exposure at different speeds and follow different speed dependencies. At an operating
speed above 100km/h the noise emissions from several high-speed trains are shown in
Figure 2.1.

110

100

90
I
g
|
80 "
70t
60 1 1 1

100 200 300 400 500
Speed (km/h)

Figure 2.1.: Emission from Different Train Types at a Distance of 25 m
(=-—-) Rolling Noise; (----) Aerodynamic Noise [4]

As described by Thompson et. al. [4], the rolling noise generally grows with the speed of
the train vy proportionally to 30 log(v) and aerodynamic noise follows the proportionality
60log(vt). At speeds below 250 km/h the rolling noise is the dominant contributor to the
total sound radiation of a train, while for trains at high speed the aerodynamic noise has
to be considered. At speeds below 60 km/h the traction noise from engines and fans can
be dominant, but does not necessarily scale with the speed of the train [5].
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Table 2.1.: Noise Emission Mechanism on Trains

Noise Emission Mechanism Dominant Frequency Range | Speed Relevance
Wheel > 1.5kHz
Rolling Noise Rail 500Hz — 1.25kHz < 250km/h
Sleeper < 250Hz
Aerodynamic Noise Flfvjnst;)s;?;)t}ilon Spegfogggsﬁjent > 250km /h
Engines
Traction Noise Fans System Dependent < 60km/h

Braking System

The noise emission mechanisms rolling noise, aerodynamic noise, and traction noise have
been summarised, with their dominant frequency range and their speed relevance in
Tab. 2.1. A more detailed consideration of these noise emission mechanisms is given in
the following sections. While other studies take noise from bridges, crossings, and squeal
noise into account, these subjects will not be considered in this thesis.

2.1.1. Rolling Noise

Rolling noise is caused by the vibration and sound radiation of the wheel and track and is
the most dominant sound emission mechanism in the standard speed range of operation,
especially in Sweden, where trains generally do not exceed 200km/h [6]. The contact
between the wheel and rail is crucial in determining the induced vibrations in the wheel
and rail, and therefore their radiation. Neither wheel nor rail are perfectly smooth and
show unevenness, called roughness, on their surfaces. Even though micro-roughness is
desired to benefit the traction of the wheel on the rail, macro-roughness is not sought
after [7].

The contact between the wheel and the rail can be modelled with a contact spring and
the roughness of both the rail and the wheel, acting as a relative displacement input. For
standard ballasted tracks, the rail itself is placed on sleepers, that can be represented as
masses, which are in turn connected with springs to the ground, representing the ballast
stiffness, as seen in Figure 2.2. Another type of track is referred to as slab track, where the
rail is mounted on longer concrete slabs. Especially for high speed train lines slab tracks
find an application. The use of slab tracks can reduce the ground vibration [8], while the
absorption coefficient can be smaller than for ballasted tracks, reducing the absorption of
acoustic energy under the train [9].

Wheel M,,

Rail

/ Contact spring
V
4—

5550005008

Figure 2.2.: Rail-Wheel Model [10]
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A model for the rolling noise is described by Thompson in [7] and can be seen in Figure 2.3.
It can be seen that both the wheel roughness and the rail roughness have the same impact
on the generated noise and are simply added. A contact filter that corrects for the atten-
uation of the roughness with a relatively short wavelength compared to the contact patch
between the wheel and the rail is also incorporated [7]. The wheel and the rail get excited
and radiate sound. Additionally, the rail acts as a wave guide and radiation occurs along
the rail. How high the decay rate of the wave is along the rail is highly dependent on the
rail pad stiffness, that connects the rail with the sleepers or slabs. Soft rail pads lead to
a weak coupling between the rail and the sleepers, resulting in the rail to vibrate more
freely and therefore act as a more efficient wave guide [7].

Wheel Wheel | Wheel
roughness vibration "| radiation
Contact ) )
filter »{ Interaction Noise
Rail Track | Track
roughness vibration "| radiation

Figure 2.3.: Model for Rolling Noise [7]

As the wheel is a finite structure, its radiation is dominated by its resonances. Thompson
compares the wheel to a wine glass or a church bell, as the wheel is very lightly damped,
due to its axi-symmetric structure [7] and the low material loss factor of steel. Therefore
the radiation of the wheel is dominated by modes. Several modes are shown in Figure 2.5
where n represents the nodal diameters. One-nodal-circle axial and radial modes are the
most important modes in rolling noise, due to the relatively high displacement at the
web. Both axial and radial modes exhibit vibration in axial and radial direction. As the
vibration in axial and radial direction is coupled, the radial excitation by the roughness
leads to a radiation at the large surface of the web, due to its axial motion. A straight
web results in a weaker coupling of the directions of vibration and is therefore generally
quieter [7].
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Hub Axle
Web ——»
Tread or
Tyre running
surface
Flange

[
' Figure 2.5.: Modes of Wheel [7];
Figure 2.4.: Cross-section of UIC Top: Zero-nodal-circle Axial Modes;
920 mm Freight Wheel [7] Middle: One-nodal-circle Axial Modes;

Bottom: Radial Modes

Using the TWINS prediction model, one example of noise contributions in rolling noise
was calculated by Thompson [7] and can be seen in Figure 2.6. It is noticeable that the
contribution to the radiation from the rail is rather dominant between 500 Hz and 1.25 kHz,
which is also the frequency range, in which the highest radiation is measured. The wheel
has a significant contribution to the sound radiation above 2 kHz, while sleepers dominate
the sound radiation below 250 Hz.

100

£ =100 dB(A)
~ total

: ——— =0944dB(A
® 90 wheel )
(]
3 E ---. -------- - 98.3 dB(A)
2w gl rail
25 _I'—" =87.2 dB(A)
® > sleeper
S N
§ @ 70}
5%
o
5 ] \
(7] — \

50 =250 500 Tk 2k 4k
Frequency, Hz

Figure 2.6.: Typical Noise Contribution in Rolling Noise [7]

The TWINS prediction model is, however, only one method to model the rolling noise
and most of its calculations are carried out in the frequency domain [11]. A method to
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calculate the pass-by emission of the wheel in the time domain has been formulated by
Theyssen et. al. [12]. In this method the exposures resulting from the modes of the wheel
are calculated separately. The contribution from all modes to the sound exposure leads
to the simulated time signal of a train pass-by. A model for the wheel/rail interaction
is proposed by Pieringer et. al. [13] and is used to emulate the contact filter effect for
different sets of roughness data over the rail. The radiation from the track is modelled
efficiently by Theyssen et. al. [14] and is formulated in the wavenumber domain, which
reduces the used Boundary Element method from three dimensions (3D) to two dimensions
(2D).

The radiation from the wheel and the rail shows significant directivity. The axial modes of
the wheel show a particularly high directivity in normal direction to the plane of the wheel.
The coupling between the vibration in radial and axial direction is therefore a significant
determining factor for the radiation from the wheel. The coupling between radial and axial
directions can be reduced with a straight web of the wheel [7] and is generally dependent
on the geometry of the wheel. The time domain model, formulated by Theyssen et. al.
[12] shows, that the directivity of the wheel is predominantly in axial direction at high
frequencies. The directivity of the rail is more frequency dependent. At low frequencies the
contribution from the rail can be attributed to the force point, the contact point between
the wheel and the rail, and can be modelled as a point source. At higher frequencies the
propagating wave along the rail contributes to the sound exposure. The radiation of this
propagating part of the rail shows a high directivity and high frequencies are propagated
and radiated farther away from the excitation point [7]. It is suggested by Thompson [7]
to model the radiation from the rail and wheel as a combination of monopoles and dipoles.

2.1.2. Aerodynamic Noise

Aerodynamic noise is mainly the focus on high-speed trains, as aerodynamic noise only
dominates at high speeds. For the Swedish railway network, in which trains generally do
not exceed 200 km/h [6], the aerodynamic noise is not significant and the rolling noise is
generally more dominant.

Aerodynamic noise is generated by the varying cross section of the train and the occurrence
of vortex shedding and turbulence in the boundary layer on the outside of the train and
the pantograph [15]. The sound emission from the train as a whole and the different
components on the train is described by Kim et. al. [15] using power laws with Eq. (2.1).

L, < o - 10log(wvt) (2.1)

The speed dependency of aerodynamic noise of a train as a whole can generally be de-
scribed with a@ = 6. The speed dependency of the aerodynamic noise is dependent on the
train and can be described as a speed dependency of its components. The speed depen-
dency is shown by Kim et. al. [15] for different train types with different o for Eq. (2.1)
and can be seen in Tab. 2.2. A more detailed speed dependency for different components
on the train is given for the TGV-A in Tab. 2.3 [15].



2. Literature Study

Table 2.2.: Speed Dependency of Different Train Types [15]
Train system ‘ o

. 3 (up to 300 km/h)
Locomotive 7-7.5 (beyond 350km/h)
TGV
Coach 3 (up to 300km/h)
6 (beyond 350 km/h)
TGV-A 1.3
ICE 68
6 (fluid separation)
TRT70 8-9 (turbulent boundary)
Shinkansen 6

Table 2.3.: Speed Dependency on TGV-A [15]

Noise Source (TGV-A) \ o
Middle Coach 2.9

Wheel Front Locomotive 3.2
Rear Locomotive 3.0

Pantograph (Rear Locomotive) 5.7
Cooling Fan Front Locomotive 4.7
Rear Locomotive 4.6

Front Window (Front Locomotive) | 5.1
Between Coaches 4.2
Bogie 6.1

Turbulent Boundary Layer (per m?) | 4.3

Another measurement series regarding high-speed trains in Korea, discussed by Kim et. al.
[15], separated the aerodynamic noise from the gaps between carriages and the pantograph.
There it has been shown, that the aerodynamic noise from inter-coach gaps grows with
a = 7.7, while the aerodynamic noise of the pantograph grows with a = 4.4 [15].
Microphone array measurements carried out by Kiimmritz et. al. [16], also showed that
German InterCity trains exhibit more sound power contribution from the pantograph,
as the InterCity Express trains, which are designed for higher speeds, leading to the
conclusion, that the aerodynamic noise can be reduced notably with design choices [16].
The flow separation and reattachment causes broad band noise, while vortex shedding
around the pantographs results in tonal noise [7]. Cavities, as for example gaps between
coaches, also lead to tonal noise, due to the resonance of the cavity [7].

2.1.3. Traction Noise

Noise from operating procedures on the train is referred to as traction noise. Common
sources of traction noise are therefore the powertrain sources, auxiliary systems and brak-
ing systems [5]. These sound sources are not necessarily speed dependent and can be
dominant at low speeds below 60km/h and when idling [5]. Traction noise mechanisms
and their relevance for prediction models is shown by Dittrich et. al. [5]. For better
illustration common traction noise sources with a high relevance for prediction models are
shown in Tab. 2.4. The traction noise of the engine can occur from one engine or multiple
power units, distributed along the train.
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Table 2.4.: Common Traction Noise Sources with High Relevance for Prediction [5]

Category Source
Exhaust
Powertrain Sources Intake

Engine Structure

Cooling Fans
Auxiliary Systems Cooling Inlets
Cooling Outlets
Brake Squeal of Wheels
Friction of Break Blocks or Disc Breaks

Braking Systems

2.2. Previous Studies about localisation of sound sources on
trains

The collaboration between different contributors from Germany and Switzerland lead to
the formation of sonRAIL to develop a new prediction model for trains [17]. In the project
documentation they use the complete propagation model described in ISO 9613-2 [18]. The
same propagation model is used in Nord2000 for Sweden and is further described in sec-
tion 2.4. As meteorological data, an average for Switzerland was used, which will mainly
have an effect on the air attenuation of the atmosphere.

In the investigation of different sound sources on a train, two stationary microphone arrays
next to the track were used. For low frequencies up to the 1.6 kHz third octave band, a
vertical line array with 19 microphones and a respective distance of 240 mm between the
microphones was used. For higher frequencies from the 2 kHz third octave band, a 21 mi-
crophones vertical line array with respective distances of 80 mm between the microphones
was used. As the microphone arrays can overlap, by using several microphones in both
arrays, the total number of microphones was 33 [17]. The microphone arrays were focused
on 77 vertical positions on the outer wall of the train with a respective distance of 0.1m
between them. The contributing noise emission mechanisms and their respective typical
height on a train can be seen in Tab. 2.5, as described in [17].

Table 2.5.: Noise Emission Mechanisms and their Typical Heights on Trains

Noise Emission Mechanism Typical Height

Rolling Noise Om, 0.5m
Impact Noise Om
Bridge Noise Om
Curving Noise Om, 0.5m
Secondary Noise 0.5m, 2m, 3m, 4m
Aerodynamic Noise 0.5m, 2m, 3m, 4m

The 77 focus points were represented as four replacement sound sources at the heights
0.5m, 2m, 3m, and 4m, while the sound power was given as sound power per meter of
the train length. The replacement sources are modelled as point sources.

In the findings presented in [17], it can be seen that the sound emission from the lowest
source dominates for all train types. The noise emitted from the rail and from the wheel
are not separated. The locomotives with their pantographs and engines can also be seen
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as a significant noise source in the time data. The noise from the lowest source at the
height of 0.5m is still the most dominating.

Similar array measurements with beam-forming were carried out by Kiimmritz [16]. In
that report the main focus was to differentiate between aerodynamic noise and sound
emission from the rail-wheel interaction. In the measurements two microphone arrays
were used. Omne spiral microphone array with a diameter of 3.4m and 120 microphones
was used to capture the whole train, while another ring microphone array with a diameter
of 0.7m and 48 microphones was used to capture the emission from the rail and wheel in
detail. As expected, the majority of the sound power is emitted from the lower part of
the train, the rail and the wheel. Up to 4kHz the main contributor for the sound power
from the rail and wheel is the contact point between them or rather it can not be distin-
guished between the rail and the wheel. In the third octave bands of 6.3kHz and 10kHz
the rail is more dominant than the wheel. These high frequencies have very little to no
effect on the total exposure level, as the level in that frequency bands are significantly
lower than in the frequency bands with the highest exposure. Another conclusion of the
measurements carried out by Kimmritz [16] is that for passenger trains, the locomotives
emit more sound power than the rolling noise at higher speeds, with the exception of the
train type IC2. In the report it is also described, that the aerodynamic noise from the
high speed train InterCity Express (ICE) is barely a factor, while it plays a significant role
with the InterCity trains, most likely due to the optimised aerodynamics of the ICE [16].
The two reports [17] and [16] do not go in further detail to describe the differentiation
between the radiation from the rail and the wheel, but both show, that the rail-wheel
interaction is the main contributor to the sound exposure. Differentiating between the
radiation from the rail and wheel might not yield representative values. According to
Kitagawa et al. [19] the rail as a contributor to the overall exposure is generally underes-
timated in array measurements, using horizontal or 2D-arrays. As the rail has a varying
radiation angle and these arrays capture the railway noise normal to the rail, the rail
is underestimated in the frequency region of wave propagation [19]. At some frequency
ranges the noise from the rail is overestimated, but as that overestimation occurs in a
frequency range, where the decay rate is relatively high, the rail does not contribute to
the overall exposure from the train [19]. One suggestion by Kitagawa et al. [19] is to
capture the sound coming from a non-normal direction from the railway using delays in
the signal processing with the existing array measurements.

The noise from the different emission mechanisms has also been formulated for the AM-
TRAK Acela train type in [20] and can be seen in Tab. 2.6. The measurement, the results
are based on, is also carried out with a microphone array. A more complete noise assess-
ment for the sub sources can be found in the report High-Speed Ground Transportation
Noise and Vibration Impact Assessment [21]. In this report by the Federal Railroad Ad-
ministration of the U.S., the SELs from sub sources on a train are estimated with a speed
dependency, similarly to Eq. (2.1). The speed dependency « for several trains is shown in
Tab. 2.7 and it can be seen that the speed dependency differs from the values in Tab. 2.2.
Finding the exact speed dependency of aerodynamic noise might not be always practical,
as it depends on the design of the train.

10
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Table 2.6.: Contribution from Noise Emission Mechanisms at 241 km/h (150 mph) [20]
Emission Mechanism ‘ Relative Power

Rolling Noise 72%
Traction Motors 17%
Pantograph 8%
Fans 2%

Table 2.7.: Speed Dependency of Sub Source according to [21]

Train type ‘ Sound Emission Mechanism ‘ Speed Dependency «
Tav Rail/Wheel ‘ 2
X2000 Train Nose
Aerodynamic Noise Wheel Region 6
ICE3
Pantograph

2.3. Current State of Prediction Models

This section discusses Nord2000: New Nordic Prediction Method for Rail Traffic Noise [1],
as well as the Common Noise Assessment Methods in Europe (CNOSSOS-EU) [2]. The
focus in this section is on the source model and prediction of sound power in these two
models. The purpose of these models is to estimate and model the sound emission from
trains for practical use, i.e. for noise mapping. The models are therefore not necessarily
perfect representations of railway noise, but model it, so the environmental exposure can
be assessed.

2.3.1. Nord2000

The Nord2000 prediction model for railway noise [1], published in the year 2001, follows
up and improves on Railway traffic noise: the Nordic prediction method [22], revised in
1996.

The train is modelled as a number of point sources along the train. The source positions
on a train split into sources for the wheel and contact point between the rail and wheel, as
well as the carriage itself. The source positions for the engine, exhaust and aerodynamic
contribution have to be determined from case to case. The general source positions can
be seen in Tab. 2.8. The source positions for the engine, exhaust and aerodynamic noise
have to be determined for each case. For more convenient use of the method the principle
source locations are broken down into default values, as seen in Tab. 2.9.

Table 2.8.: Principle Source Locations [1]

‘ Height above top of rail ‘ Horizontal Location
Source 1: Wheel/Rail 0.01m Evenly distributed along train
Source 2: Wheel/Rail 0.35 - wheel diameter Evenly distributed along train
Source 3: Wheel/Rail 0.70 - wheel diameter Evenly distributed along train
Source 4: Engine Actual Height Centre of engine openings
Source 5: Exhaust Actual Height Exhaust outlet
Source 6: Aerodynamic | Determined in each case | To be determined in each case

11
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Table 2.9.: Default Source Locations [1]

tf;i?i:ﬁ(z‘s) ggizzegléz) Horizontal Location
\if(;l:gf/%;l 0.01 200 - 10,000 | Evenly distributed along train
\?7(})1::1(:/(;{31:1 0.35 200 - 10,000 | Evenly distributed along train
VSV(})IZZF/%Z’H 0.70 200 - 10,000 | Evenly distributed along train
Engs;i(r)lz;gliht;ust 2.5 25 - 160 Centre of engine openings

The sources described in Tab. 2.9 are point sources. In the Nord2000 method, a non-
omnidirectional directivety of the sources is described. As the directivety of the sources
as described in Nord2000 [1] is designed to not change the measured SEL at a receiving
point, it is left out here. With a propagation model, further described in section 2.4, the
sound power of the whole train coming from the sub sources can be connected to the SEL
at a receiving point. In this process it is determined, that the sub sources have the same
sound power. Going forward, the sound power of a train is described in sound power level
per meter of the train, with the units dB/m. The total sound power level of a train Ly
can be calculated with the sound power level per meter Ly 1, and the length of the train
lg, as seen in Eq. (2.2) [1].

Lw = LW,lm + 10 log(lt) (2.2)

As the distribution of sound sources is fixed, as seen in Tab. 2.9, the total sound power
of the train in third octave bands is sought after. For that purpose the Nord2000 method
[1] uses linear regression models for different train types.

The linear regression model to estimate the total sound power of a train has a form as
seen in Eq. (2.3), where Lw 1 is the sound power of a train per meter, v; is the speed of
the train in km/h, and a and b are parameters that have been determined empirically for
different train types.

Lwim=a- 1og(f’(;()) +b (2.3)

Originally the train specific parameters a and b have been determined from measurements
from the years 1993 - 1995. This old dataset limited the parameters to be calculated in
octave bands. With linear interpolation between the octave bands, the parameters were
expanded to third octave bands. Originally the parameters were also not complete and
did not describe all train types. The parameters have since been revised by Ogren et.
al [23] with a more up-to-date dataset. The described train types in the report for the
updated parameters a and b can be seen in Tab. 2.10.

12
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Table 2.10.: Updated Train Types for Nord2000 [23]

Train Types ‘ Code
X2, X2C, X2U X2
X11 - X14 X11
X31 X31
X40 X40
X50 — X54, X55 X50
X60 — X62 X60
X74 X74
Y31, Y32 Y31
ER1 ER1
Locomotive Hauled Passenger Trains | PT
Freight train, Cast Iron Block Brakes | GT
Freight train, K-block, Disc Brakes | GTK

The parameters a and b for the train types in Tab. 2.10, can be seen in appendix B.

It has to be noted, that this method does not take the rail roughness or wheel roughness
into account. As shown in section 2.1.1, the roughness of both the wheel and the rail
are significant determining factors. Incorporating the rail and wheel roughness into the
Nord2000 method might therefore be advisable.

2.3.2. CNOSSOS-EU

The Common Noise Assessment Methods in Europe (CNOSSOS-EU) [2] gives general
guidelines in how to assess noise from trains. For that purpose vehicles are classified
according to their vehicle type, number of axles, brake type, and noise reduction measure
at the wheels. The classifications for the vehicle can be seen in Tab. C.1 in appendix C.
Generally, CNOSSOS-EU tries to differentiate between common train types, axle loads and
wheel diameters and gives values for the calculation of their sound emission. Incorporating
the rail roughness and wheel roughness into the calculation of the sound emission of a train
is very appropriate, as it is known to be root cause of the sound emission. CNOSSOS-EU
provides default values for the wheel, depending on the brake type of the wheel and for
the rail, depending on whether the rail is well maintained or not. In the standard SS-EN
15610:2019 [24], a method to measure the rail and wheel roughness is described. For the
number and positions of equivalent sources that describe the train, two line sources (A
and B) along the train are chosen. The sources are positioned in the middle between the
two rails. The height of the source lines are hy = 0.5m and hg = 4m above the top
of the rail and can be seen in Figure 2.7. The approach to only use two line sources is
a simplification compared to the Nord2000 method. For predictions far away from the
railway, this simplification is not problematic. It is also not clear if the approach to model
the line sources in the middle between the two rails is a significant factor. Modelling the
sound sources on the outside wall of the train might be more appropriate, but requires
information about the dimensions of the train.

13
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40m-B

Figure 2.7.: Position of Equivalent Sources [2]

The two positions are chosen to represent different sound emission mechanisms:

Table 2.11.: Sound Emission Mechanisms According to CNOSSOS-EU [2]

Category ‘ Description ‘ Source
) ) Vibration from track, wheel, sleepers,
Rolling Noise and superstructure of freight trains A
Traction Noise Engines, Transmission, Exhaust, A and B
Cooling Outlets, Fans, etc. Determined in each case
Aerodynamic Noise Shrouds and Screens (source A) A and B
Pantograph (source B)
- .
Impact Noise Crossings, vafltc es, A
and Junctions
Squeal Noise A
Bridge Noise A

Rolling Noise

Contrary to the Nord2000 method, the roughness level of the rail and the wheel is taken
into account in CNOSSOS-EU. The roughness level is usually given as a spectrum of
wavelengths A. Depending on the speed of the train, the added roughness of the rail
and the wheel excites different frequencies. The roughness level L, is defined with the
roughness r in pm and the reference roughness ro = 1 pm, as seen in Eq. (2.4) [2].

O\ 2
L, = 1010g<) (2.4)
To
The roughness level spectrum can be converted from a wavelength spectrum to a spectrum
of frequencies f with the speed of the train v, as seen in Eq. (2.5).
Ut
= = 2.5

=" (25)
The frequency bands obtained from that calculation will not match up with the standard
centre frequencies for octave bands or third octave bands. To calculate the roughness
level in a frequency band, the contribution from each calculated frequency band should be
considered. This is shown in Figure 2.8. The two calculated roughness levels L; and Lo

14
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contribute to the standard frequency band (in red), with o; and o as the overlap. The
roughness level L of the standard frequency band, can then be calculated with a weighted
average, seen in Eq. (2.6).

Figure 2.8.: Overlap of Frequency Bands

(2.6)

.10L1/10 . 10L2/10
Llelog(ol 10 +09-10 )

01 + 02

The total roughness is calculated with the roughness of the wheel and the rail taken into
account. Their interaction is adjusted by a contact filter A.. The total roughness level
LR Total; of the i-th frequency band can then be calculated with the roughness level of the
wheel LR wheel,; and the roughness level of the rail Lg Rail; in the i-th frequency band, as
well as the contact filter A.; (see Eq. (2.7)) [2]. The roughness filter for common cases is
shown in CNOSSOS-EU and can be seen in Tab. C.2 in appendix C.

LR Totali = 1010g(10LR,Wheel,i/10 + IOLR,Rail,i/lo) + Acy (2.7)

At constant speed of the train, the sound power level of the corresponding sources A
and B, as seen in Figure 2.7 can be calculated with the total roughness level Lr Tota1; and
provided transfer functions for rail Ly rai; and the vehicle Ly ven ;. The transfer functions
are given in CNOSSOS-EU [2] and can be seen in Tab. C.3 and Tab. C.4 in appendix C.
The sound power level Ly a; and Lw ,; of the sources A and B in i-th frequency band
are calculated with Eq. (2.8) and Eq. (2.9) [2], with N, as the number of axles per wagon.

Lw A = LR, Total,i + LH,Rail;i + 101og(NVa) (2.8)
Lw i = LR Totali + L ven,i + 101og(Na) (2.9)

Aerodynamic Noise

In CNOSSOS-EU it is suggested, that aerodynamic noise should only be taken into account
above the speed of 200 km/h and for networks that are limited to 250 km/h it might not
need to be considered as well. The speed dependency of the aerodynamic noise should be
determined with one or two measurements [2]. The default parameters suggest a speed
dependency of & =5 in Eq. (2.1).

15
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2.4. Propagation Model

The propagation model used in Nord2000 is described in Nord2000: Comprehensive Out-
door Sound Propagation Model. Partl: Propagation in an Atmosphere without Significant
Refraction [25]. The aim is to connect the sound power level Ly of a source with the
sound pressure level L, at a receiver position. For a point source this can be done with
Eq. (2.10).

L, = Lw + Leorr, (2.10)

where Lo includes corrections for the ground reflection Lg, the air attenuation L,, and
the spherical divergence Lq (see Eq. (2.11)) [25].

Leorr = Lg + La + Lq (2.11)

The correction for the air attenuation and the spherical divergence is simply calculated
with the distance d between the source and the receiver. The effect of the ground reflection
is more complicated.

The propagation model in CNOSSOS-EU uses a similar approach but formulated dif-
ferently, as it corrects for the spherical divergence, the air attenuation and the ground
reflection.

2.4.1. Correction Terms for Propagation

Air Attenuation
The absorption of sound in an atmosphere is described in ISO 9613:1 [26] and given in an
attenuation «, in dB/km. With a distance d in m, the attenuation can be described as
seen in Eq. (2.12).

d

Lo = —ay—
“27000

(2.12)
Spherical Divergence

The spherical divergence term Lq is merely the spherical divergence from a propagation
of a spherical wave. It is calculated with Eq. (2.13).

1
La— 10log< o d2> (2.13)

Ground Reflection

As described in Nord2000: Comprehensive Outdoor Sound Propagation Model. Partl:
Propagation in an Atmosphere without Significant Refraction [25], sound that directly
radiates from the source S to the receiver R interferes with sound that propagates on a
secondary path that reflects from the ground as seen in Figure 2.9.

16



2. Literature Study

A
v

Figure 2.9.: Propagation on Flat Ground

The sound pressure p at the receiver position can be calculated with Eq (2.14), where
k = 2x f/c is the wave number calculated from the frequency f and the speed of sound c,
Ry is the length of the direct path, and Rs is the length of the reflective path between the

source and the receiver [25].
eJkR1 eJkR2

O (2.14)

The factor ) is a function dependent on the ground impedance Zg, the grazing angle
U, and Ry. The calculation of @ is also described in [25] and defined in Eq.(2.15), with
the plane wave reflection coefficient R,(6) described in Eq.(2.16) and the function E(p)
calculated with Eq.(2.18). The reflection angle # is calculated from the grazing angle ¥,
as: § = m/2 — U,. The ground impedance, can be calculated with the flow resistivity o,
and the frequency f in Hz, as seen in Eq. (2.17).

p:

Q = Ry(0) + (1 + By(6)) E(p) (2.15)
cos(6) — Zi
Rp(0) = m (2.16)
- 1000£Y %75 1000£Y %7
Zg—1+9.08( o ) +g11.9( . ) (2.17)
E(p) =1+ jy/mpw(p) (2.18)

The factor p is calculated with the length of the reflective path Ry with Eq.(2.19).

p= 1_;j\/k‘RQ<cos(9) + Zlg) (2.19)

The w(p) function is defined with the factor p and the error function erfc in Eq. (2.20).
This function can approximated with Algorithm 2 in appendix A.

w(p) = e_”Qerfc(—jp) (2.20)

The correction of the sound pressure with ground reflection compared to the sound pressure
in free field can then be calculated with

Ly =20 log<|1 + &Qeﬂf(Rz*Rﬂ
Ry

). (2.21)
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The sound pressure level at a receiving point can then be calculated with the corrections
in Eq. (2.12), (2.13), and (2.21) and the sound power level of a source in Eq. (2.10).
Typical flow resistivity for the calculate of the ground impedance (see Eq. (2.16)) for
different ground conditions is given in [25] and can be seen in Tab. 2.12.

Table 2.12.: Typical Flow Resistivity of Ground [25]

Flow R.eSIkSIElVIty Ground Description
og in 7
12.5 Very Soft (snow or moss-like)
315 Soft Forest Floor
' (short, dense heather-like or thick moss)
30 Uncompacted, loose ground
(turf, grass, loose soil)
900 Normal uncompacted ground
(forest floors, pasture field)
500 Compacted field and gravel
(compacted lawns, park area)
92000 Compacted dense ground
(gravel road, parking lot)
Hard Surface
20000 (dense asphalt, concrete, water)

2.4.2. Track Sections

For modelling moving sources, the two propagation models Nord2000 [1] and CNOSSOS [2]
make use of the source line segment method. This method introduces source line segments
that explain the movement of a source as seen in Figure 2.10. The sound exposure L ;;
at a receiving point from j-th source moving along s-th segment can be calculated with
Eq. (2.22), where Tj is the reference duration of 1s, ¢; is the point in time when the source
enters the segment, ¢y is the point in time when the source exits the segment, and Ly (t)
is the sound pressure level at the receiver in time.

1 [t
Lg,js = 10log (To t 10L»(®/ mdt) (2.22)
1

Assuming a constant speed Vsource Of the source and the length lee s of the segment s
this can be simplified. Additionally the sound pressure level at the receiver, induced by
the sound power of a source, can be assumed to be constant, if the distance between the
source and the receiver does not change significantly. With this assumption the source
line segment can be modelled as a single point source in the middle of the segment that
radiates for the duration the source passes through the source line segment. With these
assumptions the SEL Lg ;s can be calculated with Eq. (2.23), whereas Ly is the sound
power level of the source and Ly, is term for the corrections, due to air attenuation,
spherical divergence and ground reflection. [1]

lse S
Lg ;s = 10log (g’ 10wt Leorr)/ 10) (2.23)

Usource
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Source Line Segment

S Source Line

Propagation Path ™.
% R Angle of View

Figure 2.10.: Source Line Segment

The sound exposure Ly j at the receiver from the exposure of j-th source is then calculated
with Eq. (2.24), where n is the number of segments.

n
Lg; = 10log <Z 10LE»J'S/10> (2.24)

s=1
General requirements for segments are described in CNOSSOS [2] as:
e The speed and emission characteristics of the source may not change significantly
within a segment.
e The terrain shape and surface properties should be consistent in the angle of view
(see Figure 2.10) between the receiver and the source line segment
e The size of the segment should be smaller than the shortest distance between the
receiver and the track
e The closest point of approach should be an end point of a segment
In Nord2000 [1] a specific methodology of finding appropriate segments sizes is described,
while CNOSSOS refers to Nord2000 for the methodology to find segment sizes. The
method to find the segment sizes introduces three boundaries:

lseg,max = 5 — 10 m, lower figure may be used when close to the track
Bmax = 10° (0.175 rad.),
RDyin = 0.75.

To find the appropriate size of segments Algorithm 1 can be performed, where [y is the
length of the segment, 3 is the angle of view, and RD is the ratio between the distance
from the receiver to the closest point of the segment and the distance from the receiver to
the farthest point of the segment.

Algorithm 1 Segmentation of Source Line

if lseg < lseg,maz then
| Do not split segment;
end
else if g > lsegmaz AND (B > Brae OR RD < RDyp) then
if 8> Bmas/2 then
| Split segment such that angles of view of new segments are equal;
end

else
| Split segment at midpoint of segment

end

end
Repeat for all newly created segments until no new segments are created,;
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The position of the source within a segment is on the line that bisects the angle of view
B equally, IF 3 is bigger than Byax/2, otherwise the source is positioned in the middle of
the segment. [1]

This procedure can be repeated for all sources and the total SEL of all sources Ly can be
added with Eq. (2.25), where m is the total number of sources.

Lg = 101log <Z 10LEJ/10> (2.25)
j=1

This procedure can be performed for a whole spectrum or any type of frequency bands.

2.5. Machine Learning Algorithms

This section gives a short overview of statistic models and machine learning algorithms
that are relevant for the modelling approach.

2.5.1. Linear Regression

This section gives an introduction to linear regression models with one independent input
variable, also called simple linear regression. Considering a dataset with two variables x;
and y; with an arbitrary relationship a linear relationship can be formulated as seen in
Eq. (2.26) [27], where [y is the intercept, (; is the slope, and e the error of each data
entry.

Yi = Bo + brxi+ ¢ (2.26)

The error between the regression curve and the data entries is evaluated with the least
square method and minimised for all data entries [27]. The least square error criterion for
a dataset with N number of entries can be formulated with Eq. (2.27) [27].

N

S(Bo, B1) = D _(yi — Bo — Brzi)” (2.27)

i

For better illustration, some dummy data has been created, that follows the function
y = 2z + 3. Additionally random noise is induced. Creating the 100 entries the linear
relationship between x and y can be estimated quite well with a linear regression model,
as seen in Figure 2.11. More data would lead to a better approximation of the linear
relationship between x an y, as it is assumed, that the noise is uncorrelated.
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Figure 2.11.: Linear Regression on Dummy Data

2.5.2. Neural Network

A neural network is another method that can be used to model the relationship between
two variables. A neural network is composed of several neurons in several layers that are
connected with transfer functions. The simplest neural network with one neuron is shown
in Figure 2.12. Multiple inputs zj...x, with certain weights wj...w, and the bias b are
added in the neuron. A transfer function f(z), or activation function, is performed on
the sum and given as output. Multiple options for the transfer function are possible and
used. Common transfer functions are the Sigmoid-function o(z) (see Eq. (2.28)) and the
tanh(z)-function [28].

o(x) = T+ e (2.28)

X1

W,
X5 W,
: y

Wn
Xn
b

Figure 2.12.: Single Neuron Network [29]
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A more complex neural network can be built by connecting several neurons in multiple
layers as seen in Figure 2.13. Input parameters and a bias are given to each neuron with
weighting in the first hidden layer ’Layer 1. The neuron performs the same calculation
as mentioned before, summing up its inputs and applying a transfer function on the sum.
The output of that neuron is given with weighting to all neurons in the second hidden
layer 'Layer 2’ and the same procedure is followed. It is possible to introduce a bias in
each layer. The last layer represents the output layer. The number of neurons and hidden
layers is variable and the number of input neurons in the input layer and the output layer
is dependent on the data structure at hand.

When training a neural network, the weighting factors are trained to fit the output to real
values from a dataset.

Layer Layer

Layer 1 Layer 2

Figure 2.13.: Feed Forward Neural Network [29]

2.5.3. Decision Tree

Another approach to estimate the relationship is a binary decision tree. Again, two vari-
ables z and y in a dataset are considered and it is sought after to predict the output y
with an input x. To build a decision tree, the values of z in the dataset are split up into
two non overlapping sets of data. For example all entries in the dataset, where z < 5 is
fulfilled are gathered in dataset A, while the other entries are gathered in dataset B. The
prediction of y from the two datasets are then just the mean-averages of the responses y
in each dataset. The datasets A and B can then be further split up into more branches.
[30]

Considering the same dummy data, used in section 2.5.1 the prediction can be seen in
Figure 2.14. To find the prediction from a certain input, one follows the decision tree
seen in Figure 2.15. In this example one numerical variable was used to predict another,
even though it is also possible to use categorical inputs and multiple variables to build a
decision tree.
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e Data °
Decision Tree

Figure 2.14.: Prediction of Decision Tree

x < 2.879

x = 2.879

x=7.727 x =7.727

x = 1.061

y = 20.661

y =4.018 y = 6.814 y = 14.482 y =17.304

Figure 2.15.: Nodes and Leaves of Decision Tree
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3.1. Available Data

Two main datasets of pass-by measurements of trains have been used for this thesis.
All datasets either include the SEL of train pass-by measurements or data that can be
converted into the SEL, measured according to SS-EN ISO 3095:2013 [31]. In this mea-
surement procedure the microphone is placed at a distance of 7.5m from the center point
between the two rails and at a height of 1.2m above the top of the rail.
The two datasets are here referred to as

o Trafikverket data, and

e ProRAIL data.
The data in these datasets is available in third octave bands in a wide frequency range. It
was decided that the third octave bands of interest for all calculations are the third octave
bands from 40 Hz to 6.3 kHz.

3.1.1. Trafikverket Data

This dataset is a result of several measurement series and therefore an accumulation of
many unrelated measurements. Additionally to the microphone height of 1.2 m the sound
pressure level was also measured at a height of 4m, while maintaining the horizontal
distance from the track. This dataset contains descriptive and quantitative data, like
the length of the train, speed, number of axis, and train type. After pre-processing the
dataset, to exclude incomplete data entries, the number of measured train pass-bys is 293.
In this dataset the train types are described with an abbreviated code. The codes for the
train types and the number of measurements of each train type can be seen in Tab. 3.1

Table 3.1.: Train Types contained in Trafikverket Dataset

Train Nr. of Train Nr. of Train Nr. of
Type | Measurements || Type | Measurements || Type | Measurements
ER1 8 PT 5 X50 25
FLIX 5 X11 12 X55 8

GTD 8 X2 36 X60 46
GTE 25 X31 55 X74 15
GTK 2 X40 24 Y31 19

3.1.2. ProRail Data

This dataset is provided by ProRail and results from several permanent measurement
stations in the Netherlands. These measurement stations also automatically read the
train parameters i.e. length, speed, and type. They were in service for several years
and therefore a big number of measurements were accumulated. The dataset is already
pre-processed to exclude incorrect measurements, measurements with extreme weather
conditions, etc.. The final dataset contains roughly 200000 measurements.
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3.2. Connecting Sound Power to Measured Data

The measurement data contains the exposure from the trains in the from of the SEL. As
the radiation from the trains, independent of the surrounding, is of interest, the measure-
ment data is transformed to source-describing values, the sound power level Ly of a train.
In the propagation model in section 2.4 a method to calculate the SEL at a microphone
position from the sound power of a moving source is described. Calculating the sound
power from the SEL is done by formulating a LQS, that connects the sound power of
several moving sources with the SEL at several microphones.

General assumption were made: The flow resistivity o4 of the ground is constant (see
Eq. (3.1)), as the ground is assumed to be compacted dense ground. With the yearly aver-
age temperature and humidity in Sweden (10°C, 80%) the attenuation of the atmosphere

is according to ISO 9613-1 [26].
kNs

o4 = 2000 Py (3.1)
The moving sources along the track are modelled as following a path between the two
rails, at a horizontal distance of 7.5m from the microphones. If the moving sources were
modelled on microphone-facing outer surface of the train, the geometry of the train would
have to be taken into account. With the approach of modelling the sources between the
rail, this can be avoided.

Linear Equation System

While the calculation of the SEL at a given position is possible with known sound power
levels of equivalent sources, calculating the sound power levels from measured SEL inverses
the problem and the calculation procedure is not straight-forward anymore. For this reason
the propagation model described in section 2.4 is formulated as a LQS. A similar approach
has been carried out by Taraldsen [32], where the emission from cars was connected to the
exposure level at receiving points. The measured SEL is then a result from the emitted
sound from the different sources on the train. The goal is to have a LQS as seen in
Eq. (3.2), where the sound power of the sub sources in W is connected with a transfer
matrix T to the measured sound exposure E at the microphone positions.

TW =E (3.2)

The transfer matrix T contains the transfer paths from each source j to each microphone
k. The terms in the transfer matrix are constructed from the linear correction terms in
section 2.4. The linear correction terms are lin, for the air attenuation (see Eq (3.3)),
ling for the spherical divergence (see Eq. (3.4)), and ling for the ground reflection (see
Eq. (3.5)). The time the exposure is present from one segment is incorporated into the
model with the time correction factor t, seen in Eq. (3.6), with lss as the segment length
in m and v as the speed of the train in m/s.
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ling jx = 10(T000)/10 (3.3)
. 1
llnd’jk == m (34)
: Ry jk(ro-rn)|’
ling jr, = |1+ R—er 2 (3.5)
2
l
te = =8 3.6
= 36)

The transfer path between the source and the microphone is then described purely with
the factors in Eq. (3.3) - (3.6). The exposure E}, at a microphone k is then the combination
of the exposure from the sub sources j when passing through all segments s. Assuming
that the sound power of the sources is the same in each segment leads to Eq. (3.7).

J S

Ek = Z (Z(“naJkS lindJ’kS ling,jks . tc))% (37)

j s

With Eq. (3.7) the transfer matrix T can be constructed to connect the sound power
directly to the measured exposure. The element at position [k, j] in the transfer matrix T

is then:
S

Tij = > (linajks ling jrs ling jks - o). (3.8)
S

With tlli)s method the exposure E at several microphones can be connected to the sound
power W of many sources that are moving along a path. A visual representation can be
seen in Figure 3.1.
This procedure is repeated for all third octave bands from 40 Hz to 6.3kHz to calculate
the levels in third octave bands. The number of segments is a less crucial part of the
calculation, as long, as the furthest segment does not have a significant influence on the
total SEL. The number of segments was chosen, so that the furthest segment is one
train-length away from the microphone.
When calculating the ground reflection correction (see. Eq. (3.5)), it is possible that the
center frequency of the third octave band of interest results in a sharp reduction of sound
pressure at the receiver position. This is not necessarily representative for the whole range
of the third octave band. In [25] a method with Fresnel-zones was used to address this
issue. In this case, several frequencies within the range of the third octave band were
used to calculate the ground reflection. For that purpose the centre frequency of the third
octave band f. was used to calculate the range of the third octave band, with the lower
bound f; and upper bound f,, as seen in Eq. (3.9) and (3.10).

fu = fc : 100'05 (39)
fi = fe/10%% (3.10)

Then the ground reflection correction for 10 frequencies between the upper and lower
bound for the third octave band of interest were calculated. The resulting ground reflec-
tion corrections were averaged to find a more representative ground reflection correction
for the whole third octave band.
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Figure 3.1.: Top-down View of Model

3.3. Estimation of Total Sound Power

For the estimation of the total sound power of a train, it has to be constructed from the
measured SEL. In section 3.2 the procedure is explained in detail. As it is sought after
to use the default source positions in Nord2000 (see Tab. 3.2) a similar assumption as in
Nord2000 is made: The sound power level of the sub sources is equal.

In the context of the transfer matrix T, this results in an addition of the columns of
T. The sound exposure E at a microphone can then be calculated with the sum of its
corresponding row in T and the sound power W; of one sub source. Solving for the sound
power of sub source gives the sound power of all other sub sources, as it is assumed, that
their emission equal. The height of the top of the rail above the ground is assumed to be
0.2m.

Table 3.2.: Assumed Source Heights

Source Height above
top of rail (m)
Source 1 0.01
Source 2 0.35
Source 3 0.70
Source 4 2.5

To predict the sound power of a train from known train parameters, like the train type
and train speed, different prediction models were used and tested for their performance.
The implemented prediction models are:

e Linear Regression Model,

e Neural Network,
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e Decision Tree.
The performance of the models is measured with the root-mean-square-error (RMSE),
defined in Eq. (3.11), where y; are the measured values, g; are the predicted values, and
N is the number of datapoints. A lower RMSE represents a better fit of the predicted
values to the measured values.

N 52
RMSE = MM (3.11)

This evaluation was only performed on a test dataset, that is not used to train the models.

3.3.1. General Data Preparation

As the Trafikverket Dataset contains measurement from Swedish train, this dataset is
prioritised in this section. It should be noted, that when a sound power of a train is
described in this section, that it is sound power per length of the train. The unit of that
measure is then dB/m.
The Trafikverket dataset contains a large number of measurements, as well as descriptive
data. After pre-processing the dataset to exclude incomplete entries, the dataset is further
split up into subsets for each train type. Some train types only occur very seldomly in
the dataset, therefore building a whole dataset out of very little data entries is undesired.
For that purpose five additional datasets are built, that categorise the trains into five
categories:

e High-speed Trains,

o Inter-city Trains,

¢ Regional Trains,

e Freight Trains with Cast Iron Block Brakes,

e Freight Trains with K-Block, Disc Brakes.
It is chosen, that the minimum amount of entries required to build a dataset for the train
type is 10. With that constraint the trains can be categorised as seen in Tab. 3.3.

Table 3.3.: Train Categories

Train Types ‘ Dataset
ER1, X2, X31, X40, X50, X55, X74 High-speed Trains
FLIX, PT, X60 Inter-city Trains
X11, Y31 Regional Trains

GTE Freight Trains with Cast Iron Block Brakes

GTK, GTD Freight Trains with K-Block, Disc Brakes
X11 X11
X2 X2
X31 X31
X40 X40
X50 X50
X60 X60
X74 X74
Y31 Y31

The subsets are further split up randomly into a training dataset and a test dataset. The
ratio for this procedure is 90%/10%. The splitting up of the dataset into train types allows
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the use of different models for each train type or category. It also ensures that all train
types and categories contribute to the test dataset, that is not used for the training of the
various prediction models. The test dataset is then representative for the whole dataset,
as each train type occurs with the same ratio in the test dataset as in the whole dataset.
The splitting of the dataset is only done for the linear regression model and the decision
tree. A different method was used to distinguish between train types, when training the
neural network, which is further described in section 3.3.3.

For convenience the input data that is used in each model is shown in Tab. 3.4. It is noted
that vy is the speed of the train in km/h.

Table 3.4.: Prediction Models and their Input

Model ‘ Input
Linear Regression Model log(v/100)
log(v/100)
Neural Network Train Categories as Dummy Variables
Decision Tree log(v/100)

3.3.2. Linear Regression Model

The linear regression model is similar to the current Nord2000 method, that predicts
the sound power of a train from its speed v¢. Similarly to the Nord2000 method, the
logarithmic value vy is taken, as the generated sound power is closely coupled to log(vy).
As described in section 3.3.1, the data is split up into subsets for train types and categories.
For each subset and each third octave band a linear regression model is build with inbuilt
Matlab functions. For the training stage, only the training dataset is used, while the test
dataset is set aside. The predominant Matlab functions to train and predict the linear
regression model can be seen below. Feature and target are commonly used terms to
describe the properties and variables of a specific case (Feature) and the response from
these properties and input variables (Target).

% training a linear regression model with data

linear_regression_model = fitlm(feature, target);
% predicting with linear regression model
prediction = predict(linear_regression_model, feature);

The target variable represents the target values, that are to be predicted. In this case the
targets are the sound power levels per meter of the train in each third octave band.

The feature variable describe known parameters about the train. As it is sought after,
that the linear regression model has the same form as in Nord2000, as seen in Eq. (3.12),
the feature variable contains information about the speed of the train v¢. The updated
parameters a and b in Nord2000 (see. Tab. B.1) are based on the same dataset as used
here.

Lwim=a- log<1v0t0> +b (3.12)

With a linear regression of the training sets of the datasets seen in Tab. 3.3 the slope a
and the intercept b are optimised for each third octave band.
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3.3.3. Neural Network

Before training the neural network, the issue of the train types as qualitative data is
addressed. This is done by encrypting the train types into binary dummy variables. This
gives the neural network a quantitative value to detect which train type each case is. As
described in section 3.3.1, the dataset is split into a training dataset and a test dataset,
with the ratio 90%/10%.

For the neural network a feed forward network with two layers is used. The layer size
is 8 neurons for the first layer and 8 neurons for the second layer. In each layer the
transfer functions to the next layer are logarithmic Sigmoid functions. During the process
of training the neural network a validation takes place. For that validation another 10%
of the training dataset is used. This validation checks how close the predicted values are
to the actual values, while not training with the validation data.

Contrary to the linear regression model described in section 3.3.2, where the sound power
of each third octave band is predicted with a different linear regression model, the neural
network predicts the whole spectrum in the trained frequency range. The input data for
the neural network is then only the speed of the train v as log(v;/100) and the dummy
variable for the train category.

The neural network is then trained with the training dataset, while the test dataset is
used to evaluate the performance with the RMISE, according to Eq. (3.11). The neural
network is build entirely with in-built Matlab functions. The most important aspects of
the implementation can be seen below.

%» define neural network with the size of the layers
neural _network = feedforwardnet ([8, 8]);
% define logarithmic Sigmoid transfer functions in the layers

neural _network.layers{1}.transferFcn = 'logsig';
neural_network.layers{2}.transferFcn = 'logsig';

% training the neural network

neural_network = train(neural_network, feature, target);
%» make prediction with neural network

prediction = neural_network(feature);

3.3.4. Decision Tree

For the prediction of the total sound power of a train a decision tree was build for each
dataset and each frequency band. Similarly to the linear regression model, the decision
tree model uses the log(vy/100) as input. The decision tree is build with in-built Matlab
functions. The functions to build a decision tree and make predictions with a trained tree
can be seen below.

% train decision tree

decision_tree = fitrtree(feature, target);

%» make prediction with decision tree
prediction = predict(decision_tree, feature);

3.4. Sound Power Distribution over Equivalent Sources

A method to find an appropriate vertical sound power distribution is described in this
section. The method makes use of a determined LQS, that connects the sound power of
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equivalent sources to the exposure level at the microphone position. The linear factors
are only dependent on the transfer path between the sub sources and the microphone
positions, as described in section 3.2.

Defining as many sub sources as microphones results in a determined LQS. The LQS (see
Eq.(3.13)) can then be solved with measured sound exposures E, as seen in Eq. (3.14),
with the T~! as the inverse of the transfer matrix.

T W=E (3.13)
W=1T"'FE (3.14)

The source heights in the construction of the transfer matrix are assumed and can be seen
in Tab. 3.5. This procedure was carried out for the Trafikverket dataset.

Table 3.5.: Assumed Source Heights, Localization of Sources

Source Sound Emission Height above
Mechanism Top of Rail (m)
Sourcel Wheel/Rail 0.5
Aerodynamic Noise
Source2 Traction Noise 2:5

For solving the LQS (see Eq. (3.14)) it was determined that the minimum sound power
level of a sub source is 60 dB. This value acts as a lower bound that ensures the resulting
sound power to be positive and non-zero.

Another issue arises when the rows of the transfer functions are almost co-linear. In this
case, the LQS becomes under-determined and no vertical sound power distribution can
be deducted.
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4.1. Estimation of Total Sound Power

As explained in section 3.3.1, the trains are categorised for their types. The train types
that have very few entries on the dataset are collected in datasets for high-speed trains,
intercity trains and regional trains. The train categories for the train type that were used
can be seen in Tab. 3.3.

4.1.1. Linear Regression

The linear regression makes use of the same form as in Nord2000, as seen in Eq. (4.1).
The updated parameters a and b in Nord2000 are based in the same database used here,
although the parameters found here were different. The categorization of the data is done

differently as well.

Lwim=a- log<1vot0) +b (4.1)

The factors a and b can be seen in Tab. 4.1. As the parameter a is the slope of the linear
regression it is referred to as the speed dependency of the model. For each dataset notable
aspects of the linear regression model are pointed out. Generally the speed dependency is
quite frequency dependent. The intercept b can hardly be interpreted without the slope a
as context.

e In the linear regression with the High Speed Dataset, it can be seen that the
speed dependency is greater at frequencies around 80 Hz and 2kHz, while there is
very little speed dependency in the third octave band of 500 Hz.

e The linear regression with the Inter-city Dataset results in a very high speed
dependency, especially for the frequencies around 2 kHz. While there is still a strong
speed dependency at the frequencies around 630 Hz, the intercept is significantly
higher than in other frequency bands.

o The dataset of Regional Trains yields parameters for the linear regression, that
suggest a stronger speed dependency for the frequencies around 100 Hz, while there
is a mild speed dependency in other frequency bands.

¢ In the linear regression with the dataset for Freight Trains with Cast Iron Block
Brakes it can be seen that the speed dependency is relatively high at frequencies
below 80 Hz. Between the frequencies of 100 Hz and 400 Hz the speed dependency is
even negative. Above 500 Hz the speed dependency is again positive.

e In the linear regression model with the dataset for Freight Trains with K-Block,
Disc Brakes, the speed dependency is relatively low between up to 200 Hz. Between
250 Hz and 1 kHz the speed dependency is negative and again slightly positive above
1kHz.

e The linear regression with the X11-dataset yields speed dependencies that are either
slightly positive or slightly negative.

e The linear regression resulting from the X2-dataset gives a high speed dependency
at lower frequencies, below 160 Hz. In the frequency bands from 250 Hz to 800 kHz
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the emission is almost not speed dependent. At frequencies above 800 Hz the speed
dependency is again more apparent.

The linear regression with the X31-dataset results in a model, that has a high speed
dependency below 200 Hz and above 630 Hz. In the frequencies around 400 Hz the
speed dependency is reduced.

The X40-dataset and its linear regression shows a significant speed dependency
between in all frequency bands but is reduced at 50 Hz and around 630 Hz

The linear regression of the X50-dataset yields a model that shows a positive speed
dependency in all frequency bands. The speed dependency is strongest around the
frequency bands of 80 Hz and 2 kHz, while being relatively low around 630 Hz.

The linear regression resulting from the X60-dataset shows a negative speed depen-
dencies below 500Hz and above 2kHz, with the exception of the 50 Hz frequency
band. Strong positive speed dependency can be observed around 800 Hz.

The linear regression with the X74-dataset shows a high speed dependency in all
frequency bands, except for the 50 Hz and 400 Hz. The speed dependency is partic-
ularly high at 2kHz

The linear regression model resulting from the Y31-dataset yields strong positive
speed dependencies in all frequency bands. The speed dependency is very high at
100 Hz.
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4. Results

The speed dependency of the different models is also shown by using the parameters
from Tab. 4.1 in combination with the Eq. (4.1). The speed dependent prediction is then
plotted for speeds between 50km/h and 200 km/h. One such visualization can be seen
in Figure 4.1 for X2-trains in the X2-dataset. There it can be observed, that the speed
dependency of the emission is relatively weak in the frequency bands around 500 Hz. The
contribution from these frequency bands is already high at low speeds, while the main
sound power contribution shifts to the frequency bands around 1kHz at higher speeds.
Another aspect is the low emission in the frequency bands around 50 Hz at low speed,
while at higher speed significant emission can be observed in these frequency bands.
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Figure 4.1.: Speed Dependency of Linear Regression for X2-Trains

Similar predictions can be observed for the linear regression calculated with the high-speed
train dataset, seen in Figure 4.2. The emission at low speeds is more dominated by the
500 Hz frequency band, while more emission can be observed around 1kHz and at low
frequencies at high speeds. All visualizations of the linear regression models can be found
in appendix D.
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Figure 4.2.: Speed Dependency of Linear Regression for High-Speed-Trains
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4.1.2. Neural Network

The weighting values and biases of the neural network to predict the total sound power
of the train in dB/m are difficult to visualise and interpret. Nevertheless the weighting
parameters are shown in Figure 4.3 for the weighting functions from the input to the
Neurons in the first layer, in Figure 4.4 for the weighting functions from the neurons in
layer 1 to the neurons in the layer 2, and in Figure 4.5 for the weighting functions from
the neurons in layer 2 to the output neurons, the sound power level in third octave bands.
Similarly the biases are shown in Figure 4.6 for layer 1 neurons, in Figure 4.7 for layer 2

neurons, and in Figure 4.8 for the output neurons.
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4.1.3. Decision Tree

As explained in section 3.3.4, several decision trees are built and trained. Showing all
decision trees (for each dataset and each third octave band) is completely unfeasible.
Interpreting the decisions of the decision tree is also not as straight forward as for example
in the case of the linear regression model. Therefore the performance and predictions of
the decision tree is the main result of the decision tree.

4.2. Comparison of Models and Current Prediction Models

In this section the RMSE (see Eq. (3.11)) for each model and the Nord2000 Method with
each dataset is shown, as well as some specific cases of the test dataset and the prediction
of the models on it. This evaluation of each model is done with the test dataset, that was
not used to train the models.

For the calculation of the sound power with Cnossos, some assumptions are made. The
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contact filter Ag is for example dependent on the wheel diameter and wheel load, while
the track transfer function Ly, is dependent on the pad stiffness and sleeper type. The
following assumption are made in the Cnossos prediction model to calculate the sound
power level of a train:

e As: Wheel Diameter: 920 mm, Axle Load: 100 kN

e Ly t: Mono-block Sleeper on Medium Stiffness Railpad

o Ly ven Wheel with Diameter 920 mm:

o LR Rail: Averaged maintained network

e LR wheel: Depending on Train type
With these assumptions the sound power level from a train can be calculated. Generally
the Cnossos prediction model gave significantly worse predictions than all other models.
The RMSE of the Cnossos Method is also consistently higher than for other models. Two
examples of the calculated sound power level with the Nord2000 method, linear regression
model and Cnossos method can be seen in Figures 4.9 and 4.10. There it can be seen that
the Cnossos method gives a significantly worse fit than both the Nord2000 method and
the linear regression model, especially at low frequencies. The deviation as RMSE of the
Cnossos model from the measured values is also generally higher. As the Cnossos method
performs significantly worse than the Nord2000 Method and the models described above,
it is not further considered.
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Figure 4.9.: Prediction of Total Sound
Power of X2-train, v, = 128 km/h

Figure 4.10.: Prediction of Total Sound
Power of X2-train, v, = 188km/h

RMSE Linear Regression: 1.8
RMSE Nord2000 Method: 3.0
RMSE Cnossos Method: 5.2

RMSE Linear Regression: 1.6
RMSE Nord2000 Method: 2.9
RMSE Cnossos Method: 7.9
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Table 4.2.: RMSE of Prediction Models

Dataset RMSE in dB
Linear Neural |Decision|Nord2000
Regression | Network| Tree | Method
High-speed 2.8 1.9 2.9 3.0
Inter-city 6.0 5.6 6.1 5.3
Regional Trains 3.4 3.2 3.2 3.0
Freight Trains
K-blocks and Disc Breaks 19 11 2:2 3:5
Freight Trains
Cast Iron Block Breaks 4.0 6.2 4.0 4.9
X11 1.0 1.8 1.0 2.5
X2 1.8 1.7 2.0 3.0
X31 3.1 3.7 4.2 3.8
X40 2.3 5.3 2.3 3.8
X50 2.0 2.0 2.0 2.4
X60 5.2 6.2 5.9 3.5
X74 1.5 2.5 2.4 2.3
Y31 3.0 3.4 3.2 4.0

In Tab. 4.2 the RMSE of each model for each dataset is shown. It should be noted, that
a lower RMSE represents a good performance of the model.

When considering the datasets, that combine the trains into categories (High-speed, Inter-
city, Regional Trains) the neural network stands out for high-speed trains, while the other
models still yield a good RMSE. For inter-city trains the RMSE are very high for all
models. The Nord2000 method has a slightly lower RMSE than the other models. For
regional trains all models perform similarly, with the Nord2000 method performing slightly
better.

The performance of all models is relatively good for freight trains with K-Block or disc
breaks. Especially the neural network stands out with its very low RMSE, while the
RMSE of the Nord2000 method is higher than the other models. For freight trains with
cast iron block breaks the neural network yields a very high RMSE. The linear regres-
sion model and the decision tree perform similarly, while the Nord2000 method performs
slightly worse.

It can be seen, that the performance of the prediction models on the datasets of the spe-
cific train types of passenger trains (X11, X2, X31,...) is varying. The linear regression
model performs relatively well in all these datasets, especially for the X11-, X2-, and
XT74-datasets, while only being significantly outperformed by the Nord2000 method in the
prediction of X60-trains.

The neural network shows a similarly good performance for the X11-, X2-, and X50-
datasets as the linear regression, though its RMSE are generally higher. The performance
of the neural network is very bad for trains of the type X40, X60, and Y31.

Similar to the performance of the neural network, the decision tree shows a similar perfor-
mance as the linear regression for the trains types X11, X2, and X50. Its performance is
similar to the neural network, although its does yield an good RMSE for X40-trains. The
RMSE of the decision tree in the X60- and X31-datasets is relatively high. The perfor-
mance of the linear regression model and the neural network is also rather unsatisfactory
in these datasets.
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Comparing the Nord2000 method to the other models shows, that the Nord2000 method
only outperforms all other models when predicting X60-trains. The Nord2000 method
yields high RMSE for the X40- and Y31-datasets and shows higher RMSE in the datasets
for X11, X2, and X50 trains than the other models. For trains of the type X31 and Y31
the Nord2000 method yields similar RMSE as the neural network or decision tree, while
being outperformed by the linear regression.

Now the measurements and predictions of the test data are considered in more detail. For
that purpose some cases in the test data are shown here. All cases of the test dataset
are plotted in appendix D. The prediction of the sound power of a X2-train in the high-
speed dataset can be seen in Figure 4.11. It can be observed, that all prediction models
roughly follow the graph of the measured sound power level. The Nord2000 method
slightly overestimates the sound power in the frequency bands form 100 Hz to 4 kHz. The
linear regression model, neural network, and decision tree slightly underestimate the sound
power level around 315 Hz and at high frequencies above 2 kHz. Generally all models give
an adequate prediction of the sound power level and perform similarly. The overestimation
from the Nord2000 method, especially in the frequency bands, where the maximum sound
power level can be observed, around 1kHz yields a higher total sound power level of the
train when using the Nord2000 method.
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Figure 4.11.: X2-Train in High-speed Dataset, vy = 133km/h

Considering the prediction and measurement of a X2-train in the X2-dataset, as seen in
Figure 4.12, it can be seen that all prediction models yield very good predictions of the
sound power level of the train in each third octave band. A slight overestimation of the
sound power level around 315 Hz from the Nord2000 model can be seen, while all models
predict a lower sound power level at high frequencies than the measurement produces.
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Figure 4.12.: X2-Train in X2-Dataset, vy = 141km/h

In some cases, the predictions from the neural network and decision tree deviate signif-
icantly from the prediction from the linear regression model, as well as the Nord2000
method. Comparing two measurements and predictions of X31-trains in Figures 4.13 and
4.14 with a similar speed, it can be seen, that even similar cases behave very differently.
For the case shown in Figure 4.13 the linear regression and Nord2000 method yield a good
prediction, while slightly overestimating the sound power above 100 Hz for this case. The
neural network and decision tree yield a significantly overestimated sound power level,
especially in the frequency bands around 800 Hz, where both of these models show a sharp
peak in sound power level. In the case shown in Figure 4.14, the neural network and
decision tree give an excellent prediction of the sound power level in all frequency bands,
while the linear regression model and Nord2000 method significantly underestimate the
sound power level, especially in the frequency bands around 800 Hz.
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Figure 4.13.: X31-Train in X31-Dataset, vy = 110km/h
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Figure 4.14.: X31-Train in X31-Dataset, v, = 120km/h

Considering the case of a X60-train shown in Figure 4.15, it can be seen that all models
give a similar prediction of the sound power level and overestimate the sound power level
around 800 Hz. The Nord2000 method also overestimates the sound power level around
315 Hz, while the other models give a good fit in this frequency range.

100

Sound Power Level (dB/m)

— -
== \easured Sound Power Level
- -Linear Regression
----- Neural Network

Decision Tree

95 H—Nord2000 Model

Figure 4.15.: X60-Train in X60-Dataset, vy = 119km /h

The overestimation of the sound power by the Nord2000 method in the frequency bands
around 315 Hz can be observed in many cases. In the case of a X60-train, shown in Fig-
ure 4.16, the prediction of the sound power is quite good from all models. The prediction
from the Nord2000 model overestimates the sound power around 315 Hz but yields similar
predictions in the other frequency bands. This overestimation of the sound power level by
the Nord2000 method can be observed throughout most measurements in the test data.
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Figure 4.16.: X60-Train in X60-Dataset, v, = 112km /h

One aspect of the neural network and the decision can be seen for the case of a X40-train,
seen in Figure 4.17. The prediction form neural network yields sharp peaks at 80 Hz and
2kHz, while completely overestimating the sound power level around 800 Hz. It has to be
noted, that the Nord2000 method also yields a significant overestimation between 1kHz
and 2kHz, while the linear regression model and decision predict the sound power level
from the train adequately. The best fit can be observed from the decision tree.
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Figure 4.17.: X40-Train in X40-Dataset, vy = 199km /h

Another method to evaluate the models is to show the absolute deviations of each case in
the test dataset. The mean, the 95th percentile, and the maximum deviation are shown

in Figure 4.19.

Comparing the deviations of the models from the measured sound power level, it can be
seen, that the maximum deviation is the lowest for the Nord2000 method, as it is only just
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above 10dB in the frequency bands of 800 Hz and 1.6 kHz. Comparing the 95th percentiles
of the deviation of the Nord2000 method and the linear regression model, it can be seen,
that they are relatively similar. The 95th percentile of the deviation is around 5dB for
both the linear regression and the Nord2000 method. Around the frequency bands of 1 kHz
the 95th-percentile of the deviation is around 10 dB for both models. The maximum devi-
ation is very close to the 95th-percentile of the deviation in case of the Nord2000 method.
In case of the linear regression model, the difference between the maximum deviation and
the 95th-percentile of the deviation is significantly higher, especially at frequencies below
315 Hz and above 1.6 kHz.

The maximum deviations of the neural network and the decision tree are both significantly
higher. The maximum deviation is almost 20dB around 1.6 kHz for the neural network,
and almost 20dB around 800 Hz for the decision tree. The 95th percentile of the devia-
tions of both these models are both around 13 dB around 1kHz, while it is comparable to
the values of the linear regression and the Nord2000 method at frequencies around 315 Hz.
Comparing the average deviation from all models it can be seen that the average devi-
ation is in the realm of 2dB to 4dB. Especially noteworthy is the average deviation of
the Nord2000 method in the frequency bands around 315 Hz and the increased average
deviation at 800 Hz and 1.6 kHz for all models.
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Figure 4.18.: Average Deviation of Prediction Models
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It can be seen that the emissions of the trains, as sound power level, usually exhibit a max-
imum level around the 1kHz third octave band. Calculating the total A-weighted sound
power level over all frequency bands gives a single value, that is more easily comparable
when assessing the total emitted sound power in the context of environmental noise for
humans. For the entire test dataset the difference between the predicted and the measured
total A-weighted sound power level is calculated for each case. These results can be used
to assess whether the prediction under-estimates or over-estimates the emission of the
train. This is done for all prediction models and each case of the test dataset, resulting
in a spread around 0dB, which represents a perfect prediction of the total A-weighted
sound power level. The deviation of the total A-weighted sound power level is shown as
box plots for all new prediction models and the Nord2000 Model in Figure 4.20. The box
itself represents the 25th, 50th (median), and 75th percentile, while the whiskers show the
10th and the 90th percentile. The markers show the outliers, that are beyond the 10th or
90th percentile.

In Figure 4.20 it can be seen, that the boxplots are around 0dB for the linear regres-
sion, neural network, and decision tree. The median of all these models is close to 0dB.
The current Nord2000 model has a median at 2.8 dB and the 75th percentile reaches only
slightly below 0dB.

The spread of the outliers is also noteworthy. The linear regression and the current
Nord2000 model have less of a spread of the outliers than the neural network and the
decision tree.
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4.3. Sound Power Distribution over Equivalent Sources

The results from finding the sound power distribution over equivalent sources is shown.
The results of the sound power contribution from the two sources are shown as the relative
sound power level of the sub sources, relative to the total sound power level of the train.
The relative sound power levels are level averaged for each train type.

Considering the relative sound power level of the sub sources of X31-trains, seen in Fig-
ure 4.21, it can be seen, that the higher source dominates in the frequency bands below
50 Hz and between 160 Hz and 250 Hz, while the lower source has a higher contribution in
the frequency bands of 63 Hz and 80 Hz. Above 250 Hz no sound power distribution over
the sources can be deducted from the LQS.
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Figure 4.21.: Relative Sound Power Level, X31-trains

The sound power contribution of the sub sources of X2-trains can be seen in Figure 4.22.
The contribution of the sources is roughly equal around 63 Hz. In the lowest frequency
band of 40 Hz the higher source contributes more to the total sound power level, as well as
in the frequency bands of 200 Hz and 250 Hz. Again, no vertical sound power distribution
can be found for frequency bands higher than 250 Hz.
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Figure 4.22.: Relative Sound Power Level, X2-trains

For X50 trains the relative sound power level can be seen in Figure 4.23. The higher source
is again dominant at 40 Hz, while the lower source has a higher sound power contribution
at 80Hz. The contribution to the sound power from the higher source is very high,
compared to the lower source, in the frequency bands of 200 Hz and 250 Hz. The sound
power contribution is again not deductible in the frequency bands above 250 Hz.
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Figure 4.23.: Relative Sound Power Level, X50-trains

The sound power distribution of all other train types can be seen in appendix E.
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In this section the results, shown in section 4 are further discussed. First the performance
of the prediction models (see section 4.1) in order to estimate the total emission of the
trains are considered. Then the method and the results of finding a sound power distri-
bution over equivalent sources (see section 4.3) on a train are discussed.

Generally it can be seen that the formulation of the calculation procedure of the Nord2000
method as a LQS works as intended and emulates the calculation procedure in the
Nord2000 method. The formulation as a LQS of the method is advantageous, as it is
computational less expensive. Using a constant segment length of the track, is also sug-
gested, as it yields a single factor for the time correction, that can be calculated from the
segment length and the length of a segment. The segmentation of the source line with
Algorithm 1 might be an artifact from the time the Nord2000 method was published, as
choosing less segments results in a shorter computing time. On a modern computer this
difference is still noticeable, but less of a factor. Formulating the process of the Nord2000
method as a LQS might also give the possibility of re-using the transfer function T (see
Eq. (3.2)). With the same geometry of source positions and microphone positions and the
same amount of segments, the transfer matrix only changes with the time correction ¢,
that is determined with the speed of the train. This method would drastically improve
the computing time. Re-calculating the transfer matrix is still no heavy task for a mod-
ern computer, but noticeable when doing so for a whole dataset of 293 measurements.
Therefore it is suggested to use the LQS-method to calculate the Nord2000 method with
constant segment lengths of the source line.

5.1. Prediction of Total Sound Power of Trains

First the motivation for several modelling decisions is discussed. As the datasets contain
descriptive data of the trains, like the number of axles and location of the measurement in
the Swedish railway network, the question arises, why only the train type and the speed
are used for predicting the sound power level of trains. As the exposure from the trains
per 1 m of the train length is considered, information about the length of the train is con-
sidered. Including the number of axles of a train would re-introduce information about the
train length again, which is undesired. Another approach would be to include the number
of axles per 1m of the train. As the same train type has the same number of axles per
1m, separating the train types into different datasets already includes information about
the number of axles. The number of axles per meter is still a determining factor, but as
all cases in one dataset yield the same number of axles per meter, no prediction can be
made with it. One instance, where it might be usable is for the datasets for high-speed,
inter-city, and regional trains, as there are different train types present. It was decided,
that the same modelling approach, as in Nord2000 should be used, so that a simple linear
regression can be formulated as in Eq. (4.1).

Including the location of the measurement might give a better fit of the models, but is
undesired. The goal of the study is to find a general model, that can be applied to find
the sound power of a train, regardless of the location of the train.
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The vibration data of the rail was also included in the Trafikverket dataset. It has been
tried to include this data, as it is the closest measure in the dataset, that can be related
to the rail and wheel roughness. Categorising the roughness of the rail vibration into five
quantiles of magnitude did not give a significant better fit for the models. It was decided
to not include the vibration data, as it is a variable, that requires measurements. When
predicting the emission from a train it is undesirable to require a measurement of the train
that is sought after to be predicted. It might be possible to use the categorisation of the
magnitude of vibration data to find a range of emission, depending on the roughness of
the rail and wheel. This procedure would further subdivide the datasets, leading to an
even more limited amount of data being dispersed. Incorporating only the rail roughness
into the models is also not representative, as both the rail and wheel roughness have to be
taken into account equally. No information about the wheel roughness could be derived
from the present data.

Generally all prediction models give adequate predictions of the total sound power in most
cases. The evaluation of the different models varies significantly, depending on what train
type the prediction is performed on. This is most likely due to the limited amount of
data and its variety in the Trafikverket dataset. A separation of the train types leaves
limited amount of cases, i.e. 19 cases for Y31-trains, in each dataset for specific train
types. This amount of data might not be sufficient to find a well fitting general prediction
model of the sound power of the train. Another aspect is that most trains are clustered
in speed ranges, meaning the same train is driven with similar speed on the same part of
a track. This in turn might give a better fit in these speed clusters, but only mediocre
predictions between speed clusters, as there is barely any data available for speed be-
tween speed clusters. While a linear regression model gives estimations according to the
regression curve, a decision tree might categorise these speed clusters into branches and
leafs of itself. A neural network performs quite bad for these kind of cases it has not ’seen’.

The speed dependency according to the linear regression model is varying for each train
type or train category. While very high speed dependencies can be observed for train of
the type X31, the speed dependency of X11-trains is negative or non-existent. In many
sources the speed dependency of rolling noise is described to be proportional to 30 log(vy).
Comparing the results of the linear regression to this general rule, it can be seen that it
does not hold up for all frequency bands, but rather a quite different speed dependency
can be observed for each frequency band. The speed dependency of i.e. X2-trains is
around this proportionality, while still fluctuating for each frequency band. The speed
dependency of aerodynamic noise or traction noise can be disregarded here, as the speed
of the trains is between 50 km/h and 210 km/h. A greater amount of cases in the dataset
would give a more accurate speed dependency for each train type.

A model, that fits the data with a negative speed dependency is contrary to results found in
literature. This negative speed dependency is most likely due to speed clustering, where all
measurements were carried out with similarly fast trains in that dataset. Though a model
that yields negative speed dependency is still feasible for some noise emission mechanisms.
The roughness of the wheel and rail excite higher frequencies as the train travels faster.
Similarly, the tonal aerodynamic noise of the pantograph is shifted into higher frequency
bands with increased speed. These two phenomena still do not explain negative speed
dependencies in all frequency bands, as some of the frequency bands would still have to
yield a positive speed dependency for these phenomena.
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Collecting the train categories in the dataset for high-speed, inter-city and regional trains
is done, as to give a prediction for the train categories. This is convenient, when the train
type is unknown. It is also helpful, when planning a new route i.e. for high-speed trains.
In this case it might not be of interest what specific train is driven on the track, but what
train category. Collecting the train types in the datasets of train categories poses an issue,
as some train types occur more frequently in the dataset. The Inter-city dataset is for
example dominated by the amount of measurements of X60-trains, while trains of the type
FLIX only occur infrequently.

In the comparison of Figure 4.13 and 4.14 it can be seen, that even for the same train and
similar speed very different sound power can be expected. This shows, that the emission
is not just a speed dependent variable, but dependent on more factors, not included in the
model. One major factor is the rail and wheel roughness, which might be the cause of the
high difference in sound power level. Using just the speed as input variable does therefore
not give the perfect fit for all cases, but still estimates the sound power level adequately.
The neural network or decision tree might detect extreme cases, if they are trained on
similar cases. This again means, that more data is required, but also shows the need for
information about the roughness in the input data.

Considering the absolute deviations of the models, it can be seen that the current Nord2000
does not yield as extreme outliers as the other models. Especially the neural network and
the decision tree are prone to resulting in high deviations. The systemic over-estimation
of the Nord2000 model around 315 Hz can be avoided by all other models. Apart from
that, the models yield similar average deviations. A more quantified evaluation of the
models is done with the RMSE. There it can be seen that the linear regression model
performs very good in comparison with the other models. The slightly better performance
by other models in some datasets is not significant enough to justify their use, with excep-
tion of the X60-dataset. In that dataset, the current X60-dataset outperforms all other
models significantly. The neural network is either a hit or a miss when being evaluated.
In some datasets the neural network gives very good predictions, while in other cases, its
prediction is quite unsatisfactory. Even though it might be applicable to use and detect
non-linearities in the speed dependency, the amount of data is insufficient to train the
model properly. Similar conclusion can be drawn for the decision tree. It might be possi-
ble to detect non-linearities and its evaluation is more consistent over all datasets.

The box plots in Figure 4.20 give a good indication of the deviation of the total A-weighted
sound power level of a train, when using the prediction models. There it can be seen, that
the current Nord2000 model over-predicts the total A-weighted sound power level, while
the new models show a spread, that is relatively symmetrical around 0 dB. The outliers
of the current Nord2000 method are not as extreme as for the other models. Even though
this indicates a more reliable total A-weighted sound power level, the over-prediction is
undesired. The spread of the outliers of the neural network and decision tree is signif-
icantly higher than for the linear regression model and the Nord2000 model, but their
boxes are relatively narrow and the whiskers are close to the box. This shows that for
most cases the neural network and decision tree make relatively good predictions, but for
a few cases the neural network and decision tree produce heavy outliers, that strongly
deviate from the measured total A-weighted sound power level. The occurrence of these
heavy outliers of the prediction with the neural network and the decision tree and their
insignificant better performance over the linear regression in some datasets, regarding the
RMSE makes it hard to justify their application.
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5. Discussion

Another aspect of the linear regression model is the interpretability of the model. The
slope and intercept of the linear regression model can be clearly interpreted and related to
real measures. This is not the case for the neural network implemented in this thesis. The
weighting functions between neurons can not be related to real measures and the neural
network has to be treated as a black box. Branches and leaves of the decision tree can
be interpreted, as decisions based on the input data can be followed along each decision.
Conclusion about i.e. the speed dependency have to be done by analysing the decision
tree itself, or considering the prediction of a test dataset.

One way how the neural network and decision tree can be used is by comparing their
predictions to the prediction of the linear regression. A high deviation between their
predictions might indicate, that the prediction of the linear regression model is rather
uncertain.

Similar models were built for the ProRAIL dataset, but not included in this thesis, as for
the prediction of sound power of trains in Sweden it is favourable to use models which
are based on trains that travel in the Swedish railway network. From the analysis of the
models built with the ProRail dataset it was apparent, that the overwhelming amount
of data results in good estimations when using a neural network. The uncertainty of the
prediction is still present, as the sound power emission of a train is not just dependent on
the speed, the train type, the number of axles, etc., but is strongly determined by the rail
and wheel roughness.

It is therefore suggested to use the new linear regression model for all datasets except for
the dataset of X60-trains. As the Nord2000 model outperforms all other models in this
dataset it is suggested to use the existing parameters for X60-trains. Tuning the intercept
(factor b in Tab. B.1) of the Nord2000 prediction model might be necessary to avoid the
over-estimation in frequencies around 315 Hz.

The use of the linear regression model of high-speed trains is applicable, as it contains a big
variety of trains and a large number of cases. The application of the linear regression model
in the inter-city dataset does not seem feasible, as it is heavily dominated by one train
type. For further improvement of the recommended model it is suggested to incorporate
the roughness of the rail and the wheel. Apart from that, more data might give a more
accurate speed dependency for each train type.

5.2. Sound Power Distribution over Equivalent Sources on
Trains

Considering the sound power distribution over sources on a train, it is apparent, that the
method, used in this thesis, does not yield results, that align with literature.

As the LQS is a determined system, an exact solution can theoretically be found. The
results show a sound power distribution over the two source at the height of 0.5m and
2.5m, that do not at all agree with other observations found in literature. A higher sound
power distribution from higher sources does not coincide with the findings of other studies,
where most of the acoustic energy can be measured from the lower parts of the train, due
to the dominance of rolling noise.

Some constraints of solving the LQS might limit the solution, but are justified. When
the transfer paths are almost identical and the rows in the transfer matrix T are almost
co-linear, no statement about the sound power distribution of the sources can be made,
as the LQS becomes under-determined. For all frequency bands above 250 Hz no sound
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5. Discussion

power distribution can be deducted in all measurements. The transfer paths might just be
too similar to determine an appropriate vertical sound power distribution over the train.
Defining a lower boundary might be appropriate, as minimal emission can be expected
from one part of the train. Removing this lower bound would yield a sound power distri-
bution, with negative sound power of one source, in some cases. The difference in SEL
due to the different transfer paths is very low, only 0.3 dB in some frequency bands. This
difference is in the realm of measurement uncertainties of microphones.

Considering the complex measurement setups with microphone arrays and beam-forming
in previous studies (see section 2.2), it can be seen that their conclusion is, that most
of the acoustic energy is emitted from the lower part of the train. This emission can be
attributed to the dominance of rolling noise at normal operating speeds. Even in these
studies, the emission from the rail and the wheel can not be differentiated or a power
distribution quantified. As explained by Kitagawa et. al [19] even with these complex
measurement setups the emission from the rail is under-estimated, when beam-forming
in a normal direction to the rail. This means that the exact method of previous studies
have to be evaluated critically, as the results of beam-forming in normal direction might
under-estimate the contribution from rolling noise in total in some frequency bands, es-
pecially where the emission from the rail is dominating. One suggestion to correct for
the directivity of the sound emission mechanisms is to angle the beam-forming along the
track to find more appropriate results for the distribution of emission of the rail and the
wheel. This can be done with the same array measurement and signal processing after the
measurement.

Comparing the method to find the vertical sound power distribution on a train in this
thesis and the method, using microphone arrays, it can be seen that in this thesis many
simplification have been made, that might not represent the complex emissions from dif-
ferent mechanisms properly. The method used in this thesis is based on the calculation
method described in Nord2000 [1], which does not claim to yield a perfect representation
of railway noise, but is rather a good practical approach to evaluate and compare railway
noise. One of those simplifications, is to use point source, while it is described by Thomp-
son [7], that for some sound emission mechanisms it would be more appropriate to use
di-poles.

It is most likely not at all possible to find an appropriate vertical sound power distribution
on a train with just 2 microphones. Even studies that make use of microphone arrays and
beam-forming have difficulties separating the emission from the rail and the wheel, even
though it can be seen that a significant portion of the emission originates from the contact
point between the rail and the wheel.

With previous studies in mind, it might be possible to find appropriate vertical sound
power distributions on trains. One suggestion is to use a more analytic model, that
takes the radiation characteristics of the rail and the wheel into account. As the wheel
radiation is quite dependent on the geometry of the wheel, this approach demands detailed
information about the wheel. As the excitation of the rail and the wheel is strongly
determined by their roughness, this aspect should be taken into account as well. Array
measurements can then be used to validate an analytical model. When carrying out array
measurements and beam-forming, the beam should be angled not just in normal direction
to the rail, but along the track, to adjust for the directivity of the different sound emission
mechanisms.

Another approach is to just make use of array measurements and build an empirical model
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5. Discussion

from different measurements. This would require a lot of measurements of a lot of different
trains. Information about the wheel geometry would be required to properly evaluate the
emission of the train.

The array measurements should be carried out with two microphone arrays, similarly to
previous studies. One array with further distances between the microphones could then be
used to detect the emission of the whole train, while an array with less distance between
the microphones could detect the emission around the rail and wheel in more detail.
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6. Conclusion

The aim of this thesis has been to improve the prediction of the overall sound emission
from trains. It has also been sought after to improve the source model, to better esti-
mate the effect of low height noise screens. By formulating the propagation path between
sources and microphones as a LQS, the SEL from the sound power of a moving train is
calculated in a simplified manner. This formulation of the propagation path could be con-
sidered when calculating transfer paths for emission from trains and general noise mapping.

Several models to predict the overall sound emission from a train, based on its speed and
type of train have been build with existing measurement data. The new prediction models
are a linear regression, a neural network, and a decision tree. These prediction models
were evaluated and their prediction was assessed in comparison to the current Nord2000
prediction model. While the neural network and decision tree are sometimes able to detect
outlying sound power emissions, the linear regression model yields reliable predictions of
the overall emission of a train and is therefore suggested for further use. The predictions
from the neural network and the decision tree might be useful to assess the certainty of
the linear regression model, when predicting one case. Training the models on more data
might result in better prediction models. The root cause of rolling noise, the rail and
wheel roughness, are not incorporated in the model, as the wheel roughness could not be
deducted from the measurement data. Categorizing the rail roughness might be a feasible
method, but would further subdivide the already limited amount of data. As neither the
rail roughness nor the wheel roughness are included in the prediction models, they are
intrinsically limited. It is therefore advised to incorporate rail and wheel roughness into
the models, as it could lead to further improvements of the models.

Finding an appropriate vertical sound power distribution over equivalent sources on trains
has been done by solving the propagation path between the equivalent sources and the
microphones as a determined LQS. The results of this method do not not yield a plausible
vertical sound power distribution according to the literature. The difference in transfer
paths and the measured SEL at the microphone positions might not be significant enough
to find the vertical sound power distribution an a train with just two microphones. There-
fore it is advised to perform array measurements with beam-forming to find the sound
power distribution. This method should be used carefully as it could under-estimate the
sound power contribution from the rail, when angling the beam only in normal direction
to the track. The beam should therefore be angled along the track, as well as vertically
over the train.

The prediction model for railway noise emission in Nord2000 has been improved for the
current source positions, used in Nord2000. Finding the vertical sound power distribution
on a train was not possible and might not be at all possible without array measurements.
The method to formulate transfer paths in a LQS might be useful in other areas of
application, such as noise mapping.
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A. Algorithms

For the purpose of approximating the w(p) function with Algorithm 2, x and y are defined
as © = Re(p) and y = Im(p).

Algorithm 2 Approximation of w(p)

if x >6 OR y > 6 then

(. 0.5124242 0.05176536 Y.
‘ w(p) = ]p(p270.2752551 + p272.724745)7

end

else if z > 3.9 OR y > 3 then

_ . 0.4613135 0.09999216 0.002883894 .
‘ w(p) = Jp(p2—0.1901635 + 21 78aa907 T p275.5253437)’

end

else
h=0.8
A = cos(2zy)
B = sin(2xy)

C = e /" — cos(2xm/h)
D = sin(2zm/h)

—(x242ym/h—y?) AC+BD
P =2e (x*+2ym/ y)ﬁ

Q= 26—(x2+2y7r/h—y2) AD+BC

02+D22 2
H . hy + M 5 e " h (r2+y2+n2h2)
- 71-(3324’,y2) T n=1 (y2,m2+n2h2)+412y2
2,2
K= _ he 4 2thygs e’ b (22 +y%—n?h?)
= T@9) pon n=1 (yZ—22+n2h2)+4z2y2

if y > n/h then
| w(p) =H+jK
end
else if y = 7/h then
| wlp) =H+ 5 +j(K - Q1/2)
end

else if y < w/h then
| w(p)=H+ P+ j(K—Q1)

end

end
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B. Nord2000 Parameters

Updated Nord2000 Parameters [23]

Table B.1.
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C. CNOSSOS-EU Transfer Functions

Table C.1.: Classifications of Railway Vehicles [2]

Digit

1

2

3

4

Descriptor

Vehicle type

Number of axles
per vehicle

Brake type

Wheel measure

Explanation
of the
descriptor

A letter that
describes the type

The actual number
of axles

A letter that
describes the
brake type

A letter that
describes the
noise reduction
measure type

Possible
descriptors

h

high speed vehicle
(>200 km/h)

C

cast-iron block

no measure

m

self-propelled
passenger coaches

k

composite or
sinter metal block

d

dampers

p

hauled passenger
coaches

n

non-tread braked,
like disc, drum,
magnetic

screens

c

city tram or light
metro self-
propelled and
non-self-propelled
coach

other

d

diesel loco

etc.

electric loco

any generic freight
vehicle

o

other (i.e.
maintenance
vehicles etc.)
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C. CNOSSOS-EU Transfer Functions

Table C.2.: Contact Filter Az [2]

Wavelength 360 mm / 680mm/ | 920mm/ | 920 mm/ | 920 mm /
(cm) 50 kN 50 kN 25 kN 50 kN 100 kN
1 -8.4 -12 -12 -12 -12
0.8 -12 -12.5 -12.6 -13.5 -14
0.63 -11.5 -13.5 -13.5 -14.5 -15
0.5 -12.5 -16 -14.5 -16 -17
0.4 -13.9 -16 -16 -16.5 -18.4
0.315 -14.7 -16.5 -16.5 -17.7 -19.5
0.25 -15.6 -17 -17.7 -18.6 -20.5
0.2 -16.6 -18 -18.6 -19.6 -21.5
0.16 -17.6 -19 -19.6 -20.6 -22.4
0.125 -18.6 -20.2 -20.6 -21.6 -23.5
0.1 -19.6 -21.2 -21.6 -22.6 -24.5
0.08 -20.6 -22.2 -22.6 -23.6 -25.4
0.063 -21.6 -23.2 -23.6 -24.6 -26.5
0.05 -22.6 -24.2 -24.6 -25.6 -27.5
0.04 -23.6 -25.2 -25.6 -26.6 -28.4
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C. CNOSSOS-EU Transfer Functions

Transfer Function for Track in CNOSSOS-EU [2]

Table C.3.
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C. CNOSSOS-EU Transfer Functions

for Vehicle in CNOSSOS-EU |[2]

: Transfer Function

Table C.4.
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D. Additional Figures

D.1. Visualization of Linear Regression Models
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Figure D.1.: Speed Dependency of Linear Regression for Inter-City-Trains
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Figure D.2.: Speed Dependency of Linear Regression for Regional-Trains
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Figure D.3.: Speed Dependency of Linear Regression for Freight Trains with Cast Iron
Block Breaks
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Figure D.4.: Speed Dependency of Linear Regression for Freight Trains with K-Block or
Disc Breaks
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Figure D.5.: Speed Dependency of Linear Regression for X11-Trains
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Figure D.6.: Speed Dependency of Linear Regression for X31-Trains
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D. Additional Figures
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Figure D.7.: Speed Dependency of Linear Regression for X40-Trains
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Figure D.8.: Speed Dependency of Linear Regression for X50-Trains
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Figure D.9.: Speed Dependency of Linear Regression for X60-Trains
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Figure D.10.: Speed Dependency of Linear Regression for X74-Trains
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Figure D.11.: Speed Dependency of Linear Regression for Y31-Trains
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D. Additional Figures

D.2. Cases from Test Dataset
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Figure D.12.: ER1-Train in High-speed Dataset, vy = 174km/h
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Figure D.13.: X2-Train in High-speed Dataset, vy = 145km/h
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Figure D.14.: X2-Train in High-speed Dataset, vy = 148 km /h
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Figure D.15.: X2-Train in High-speed Dataset, vy = 182km/h
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Figure D.16.: X31-Train in High-speed Dataset, vy = 84 km /h

Sound Power Level (dB/m)

100

95

70

— -
== \easured Sound Power Level
— -Linear Regression

----- Neural Network

H---Decision Tree

—Nord2000 Model

10°

Figure D.17.: X31-Train in High-speed Dataset, vy = 85 km/h
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Figure D.19.: X31-Train in High-speed Dataset, vy = 176 km/h
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Figure D.22.: X40-Train in High-speed Dataset, v, = 172km/h
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Figure D.23.: X50-Train in High-speed Dataset, vy = 120km/h
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Figure D.24.: X50-Train in High-speed Dataset, v, = 148km/h
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Figure D.25.: X50-Train in High-speed Dataset, vy = 176 km/h
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Figure D.26.: X55-Train in High-speed Dataset, v, = 197 km/h
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Figure D.27.: X55-Train in High-speed Dataset, vy = 201 km/h
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Inter-city Trains
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Figure D.28.: PT-Train in Inter-city Dataset, vy = 153 km/h
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Figure D.29.: X60-Train in Inter-city Dataset, vy = 75 km /h
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Figure D.30.: X60-Train in Inter-city Dataset, v, = 112km/h
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Figure D.31.: X60-Train in Inter-city Dataset, v, = 119km/h
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Figure D.32.: X60-Train in Inter-city Dataset, v, = 120km/h
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Figure D.35.: Y31-Train in Regional Train Dataset, v, = 101 km/h
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D. Additional Figures

Freight Trains with K-Block and Disc Breaks
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Freight Trains with Cast Iron Block Breaks
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Figure D.39.: X2-Train in X2-Dataset, vy = 128km/h
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Figure D.40.: X2-Train in X2-Dataset, vy = 188 km /h
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Figure D.41.: X2-Train in X2-Dataset, vy = 198km/h
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Figure D.42.: X11-Train in X11-Dataset, vy = 122km/h
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Figure D.43.: X31-Train in X31-Dataset, vy = 84km/h
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Figure D.44.: X31-Train in X31-Dataset, vy = 91km/h
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Figure D.45.: X31-Train in X31-Dataset, vy = 93km/h
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Figure D.46.: X40-Train in X40-Dataset, vy = 188km/h
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Figure D.47.: X50-Train in X50-Dataset, vy = 110km/h
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Figure D.49.: X60-Train in X60-Dataset, vy = 74km/h
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Figure D.50.: X60-Train in X60-Dataset, vy = 114km/h
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Figure D.51.: X60-Train in X60-Dataset, vy = 122km/h
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Figure D.52.: X74-Train in X74-Dataset, vy = 180km/h
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D. Additional Figures
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Figure D.54.: Y31-Train in Y31-Dataset, vy = 144km/h
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E. Source Positions
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Figure E.1.: Relative Sound Power Level, ER1-trains
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Figure E.2.: Relative Sound Power Level, FLIX-trains
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Figure E.3.: Relative Sound Power Level, GTD-trains
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Figure E.4.: Relative Sound Power Level, GTE-trains
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Figure E.5.: Relative Sound Power Level, GTK-trains
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E. Source Positions
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Figure E.7.: Relative Sound Power Level, X11-trains
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E. Source Positions
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Figure E.8.: Relative Sound Power Level, X40-trains
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Figure E.9.: Relative Sound Power Level, X55-trains
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E. Source Positions
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Figure E.10.: Relative Sound Power Level, X60-trains
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Figure E.11.: Relative Sound Power Level, X74-trains
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