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Summary

Railway networks significantly rely on the correct functioning of switches and

crossings (turnouts) to safely maximize the flexibility of traffic operation. Each year,

railway infrastructure managers allocate vast amounts of money to maintenance

activities in order to ensure the reliability and availability of turnouts. Switches

and crossings are complex systems whose dynamic performance result from the

mechanical interaction of several components. Failure of one or more components

can severely affect the performance of the entire system. Due to their geometrical

complexity, turnouts are subject to larger wheel contact forces compared to open

tracks and thereby their components exhibit a faster deterioration rate and demand

more frequent maintenance actions. Maintenance policies currently adopted by

infrastructure managers are either periodic or reactive, which give rise to a high

maintenance expenditure. The implementation of predictive maintenance policies

could help reducing the maintenance cost; however this requires the availability of

novel monitoring tools able to diagnose and prognose the state of health of turnout

components. Timely detection of the deterioration processes taking place at the

hidden elements of turnouts (i.e., railpad, ballast and subgrade) is a challenging

task due to the difficulty in directly accessing information without disrupting train

operations. The aim of this thesis is to develop novel data-driven condition moni-

toring systems for the continuous assessment of the quality of ballast and railpad

as key elements of the track infrastructure. For this purpose, the thesis pursues

two main objectives: the first is to develop a low-complexity behavioral model

capturing the dominant dynamics of the turnout when excited by train passages; the

second objective is to design a detection system able to provide early warnings of

the development of the deterioration processes.

Performance of a condition monitoring tool significantly depends on the avail-

ability of a reliable model. This thesis proposes low-complexity behavioral models

describing the dynamic behavior of the ballast and railpad at different locations

along the turnout. The modeling scheme is based on the combination of an advanced

signal processing method for non-stationary signals (Empirical Mode Decomposition)

and a subspace system identification algorithm (N4SID). The low-complexity models
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are continuously estimated exploiting the train-induced vibration data collected by a

track-side measurement system. The obtained models are utilized to calculate the

first and second track resonance frequencies representing the dynamic characteristics

of the ballast and railpad. Statistical representation of the track resonances are then

obtained to account for all sources of intrinsic uncertainties imposed by variations

in operational conditions (train type, train speed, train load) and environmental

conditions (temperature, amount of precipitation, quality of the soil). The statistical

models provide the basis for monitoring both temporal and spatial changes in the

first and second track resonance frequencies.

Successful preventive maintenance requires timely diagnosis of fault inception

by means of a continuously available detector to avoid unnecessary or delayed

maintenance actions. Two novel detection systems are proposed for monitoring

the quality of the ballast and in-service railpads. Based on physical insight and

with the help of information gained from the analysis of the statistical models over

time, proper features highlighting the development of deterioration processes in

the ballast and railpad layers are identified. The first feature relies on obtaining

a sequence, based on recursive estimation of the first track resonance frequency,

which indicates changes in the properties of the ballast layer over time. The second

feature for monitoring the deterioration process of the railpad relies on a load- and

temperature-independent residual sequence extracted from recursive estimation

of the second track resonance frequency. The generalized likelihood ratio test is

utilized to design a detector able to distinguish changes in the distribution of the

identified features. The performance of the designed detectors is validated using

track vibration data collected over a 2.5 year period in a turnout of the Danish

railway infrastructure. The validation results indicate that the designed detectors

can successfully monitor gradual degradation of the ballast layer and the quality of

the in-service railpads along the turnout.

Last, the ballast degradation detector is operationalized to enable determination

of the ballast quality class according to the European standard. This is carried out

by determining a regression model that maps the detector output into a measur-

able indicator recommended by the European standard and in use by the track

infrastructure manager.

The findings of this research project have been disseminated through articles in

leading international journals and peer-reviewed international conferences. These

articles are enclosed in the thesis.



Resumé

Sikker og optimal trafikafvikling på jernbanenettet er afhængig af at sporskifter

fungerer korrekt og vedligehold er nødvendigt for at opnå at jernbanenettet er

pålideligt og har en meget hør tilgængelighed. Sporskifter udgør en tung post i det

samlede budget for vedligehold.

Sporskifter har en kompleks geometri og de indgående mekaniske dele er udsat for

hjulpåvirkninger der er langt større end for andre dele af sporlegemet. Konsekvensen

heraf er øget slidtage og hyppige vedligehold for at undgå funktionssvigt eller ned-

brud. Den traditionelle tilgang til vedligehold er periodisk baseret et konservativt

estimat for hvor hyppigt vedligehold er påkrævet. Når fejlfunktion alligevel opstår,

udføres ikke-planlagt vedligehold, som er specielt omkostningstungt.

Baggrunden for Intelliswitch forskningsprojektet, som dette Ph.d. arbejde er en

del af, var en hypotese hos Bane Danmark om at rettidig advarsel om kritisk de-

gradering af skjulte komponenter ville kunne reducere omkostningerne til vedlige-

hold af sporskifter og samtidig forbedre sikkerhed og punktlighed for togtrafikken.

Målet med denne afhandling har derfor været at forske i metoder til data-baseret

tilstandsovervågning således at man løbende vil kunne vurdere tilstanden af mellem-

lægsplader og ballast/underballast/råjord. For at opnå dette, følger afhandlingen

to hovedspor. Det første er at udvikle en dynamisk model, der beskriver den

dominerende dynamik i et sporskifte som påvirkes af et gennemkørende tog. Det

andet er at designe en diagnose metode, som kan estimere komponenternes grad af

slidtage og advare inden de opnår en tilstand, som er kritisk.

Tilstandsovervågning er en metodik der sammenknytter fysiske målinger med kom-

ponenters beskaffenhed. I afhandlingen udledes lav-kompleksitets modeller, som

beskriver den dynamiske opførelse af ballast/underballast og mellemlægsplader

på forskellige placeringer langs et sporskifte. Modellerings tilgangen er baseret på

en kombination af analyse af egensvingninger (empirical mode decomposition) og

en matematisk geometri metode til system identifikation (subspace system identi-

fikation). Modellerne er estimeret under togpassager hvor inducerede vibrations-

data måles af accelerometre, som er fastgjort på skinner i sporskiftet. Modellerne

bruges til at beregne de egensvingninger, som karakteriserer ballast/underballast og
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mellemlægsplader. En statistisk analyse redegør for kilder til usikkerhed, herunder

variation i belastning grundet togtype, hastighed og aksellast, samt miljøvariable

som temperatur og nedbør. Afhandlingen viser, at de identificerede modeller giver

et godt grundlag for tilstandsovervågning for både ballast/underballast og mellem-

lægsplader.

Afhandlingen bidrager med to nye metoder til in-service overvågning af ballast

og skinnemellemlæg. Begge metoder analyserer langsomme ændringer i egensv-

ingninger til at indikere. Ballast indikatoren benytter estimering af første sporreso-

nans. Ændringer i mellemlægsplader detekteres som ændringer i anden sporresonans

efter der er kompenseret for belastnings- og temperaturafhængighed. En statistisk

test (GLR) er gjort følsom over for de ændringer som indikerer mekanisk degradering.

Data er indsamlet over en periode på 2.5 år og er brugt til at validere de udviklede

metoder. Afhandlingen viser at det er muligt at overvåge gradvis forringelse af

ballast og i elasticiteten af mellemlægsplader i et sporskifte.

Ballast detektoren er gjort operationel ved at omsætte detektor resultater til skalaen

for ballast kvalitetsklassen i den Europæiske standard, der bruges når der træffes

beslutning om vedligehold.

Resultaterne af forskningsprojektet er formidlet i artikler i videnskabelige tidsskrifter

og konferencer. Publikationerne indgår i afhandlingen og er vedlagt i kapitlerne A

til G.
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Chapter 1

Introduction

Railway transport is a popular mode of transportation in Europe which has

developed at a rapid rate in recent years. It has an inevitable role in passenger

transportation and freight delivery. According to the 2018 annual report by the

statistical office of the European Union (Eurostat) [1], railway passenger transport

in Europe has continuously increased from 2013 to 2017 (Fig. 1.1). In order to

maintain the rapid growth of the railway transport, the reliability and continuous

availability of the railway network must be ensured. To achieve this, railway infras-

tructure managers perform regular preventive maintenance of railway infrastructure

elements (e.g., rail, ballast, sleepers and switches). However, the maintenance

activities are very costly. Figure 1.2 shows railway maintenance costs in different

European countries with a similar track utilization as Denmark, in 2012. The data

are extracted from [2, 3]. The group of countries is selected based on the clustering

method proposed in [4] where countries are classified according to socioeconomic
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Figure 1.1: Railway passenger transport performance in Europe (EU-28) [1]
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Figure 1.2: Railway maintenance cost for European countries with track utilization

(ratio between the total train kilometers and the track kilometers) similar to Denmark.

Data refer to the year 2012.

factors and railway infrastructure parameters.

A large fraction of the total maintenance cost is associated to the maintenance and

renewal of switches and crossings (S&Cs) [2, 5]. This is estimated as about one-third

of the overall track maintenance cost by the Danish railway infrastructure manager

(Banedanmark). One possible approach to control these expenses is reducing the

maintenance activities. However, this is not necessarily an efficient approach as

it may have serious consequences. For instance, adoption of such an approach

has led to the lack of punctuality in the Dutch railway network at the end of the

nineties [6]. An effective strategy could be to replace periodic maintenance policies

with predictive ones. In this context availability of condition monitoring systems to

supervise the development of deterioration process and occurrence of faults is key

for timely scheduling of proper maintenance actions.

1.1 S&Cs technology

S&Cs are vital elements of railway network whose continuous availability and

safety have a significant impact on the network capacity. S&Cs support trains

diverging from one track to another at an angle maximizing the infrastructure

utilization. They are complex multi-component systems consisting of three main

successive sections: the switch panel, the closure panel and the crossing panel.

Figure 1.3 shows an S&C (turnout) with highlighted sections. The switch panel

is located at the front part of the S&C, where one or two routes diverge from the

main route. The switch panel is composed of right and left half set of switches; each
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(a) S&C with highlighted sections

(b) Crossing panel at Tommerup station

Figure 1.3: View of a railway S&C with highlighted sections (courtesy of Banedan-

mark)
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consists of a stock rail and a switch blade. Switch blades are the moving components

of the switch panel which guide the vehicle to a desired route. The switch panel

starts at the stock front joint in the S&C entry and ends at the switch heels. The

closure panel is the intermediate section of the S&C which connects the switch

panel and the crossing panel. The crossing panel is the third section of the S&C in

which the main track and the diverging track intersect. It consists of three main

components; a crossing comprising crossing nose and two wing rails, check rails,

and stock rails. The crossing panel starts from the last set of rail joints in the closure

panel and ends at the last set of rail joints after the crossing.

Dynamic behavior of an S&C results from the mechanical interaction of the track

infrastructure components shown in Fig.1.4. The track infrastructure consists of

steel rail, railpad, sleeper, ballast, sub-ballast and the subgrade, among which ballast

and railpad play an important role in controlling the wheel/rail interaction force,

ride comfort and rolling noise. The ballast is a supporting layer made of irregularly

shaped crushed stones. It supports the rails on the sleepers and distributes the train

loading to the subgrade layer. The railpad is a track component which is placed

between the rails and sleepers. Railpads are made of rubber, plastic or a composite

material such as rubber-bonded cork. They provide electrical insulation and protect

the sleepers from wear and tear through attenuating the harsh dynamic loading [7].

Stiffness of ballast and railpad has a significant influence on the performance of the

S&C.

1.2 Deterioration of S&Cs components

Due to the presence of geometrical discontinuities along the S&C, the railway

track experiences severe impact loads during the train passage [8, 9, 10]. Therefore,

the components of the S&C deteriorate at a faster rate compared to the open track.

Deterioration of the S&C components can lead to the failure of the entire system.

This could, in the worst case, cause derailment of a passing train. According to the

data provided in the RSSB Annual Safety Performance Report [11, Section 8.5], 31%

of the track-related derailments in Great Britain in the period 2009–2014 are caused

due to failure of S&Cs. This shows the crucial impact of the S&C on transport safety,

and justifies the need for more frequent maintenance of this structural system.

Analysis of the failure data recorded in the UK in 2009 [12, Chapter 7] indicates that

ballast is the third most common failed component of S&C (with a failing frequency

of 7.9%) after the switch rail (45.3%) and the slide chair (30.4%). A huge amount

of money is allocated in the yearly maintenance budget for renewal of ballast, to

ensure the safe performance of S&Cs [13]. Maintenance policies for the ballast
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Figure 1.4: Railway track cross-section with highlighted components.

layer are mainly periodic or reactive, and very challenging in comparison with other

track components (e.g., rail and sleepers). This is due to the fact that deterioration

processes affecting the rails (e.g. deformations due to wheel-rail interaction) and

the sleepers can be evaluated from time to time using a measurement car, which

integrates optical and inertial measurements to assess the track geometry, rail

profile and rail corrugation; whereas the visual inspection of ballast, sub-ballast

and railpad is not possible as they are the hidden layers of the track infrastructure

and, therefore, analyzing their status requires adoption of destructive methods.

Destructive methods are not generally appealing to the infrastructure managers

since they cause disruption to train service.

1.2.1 Ballast degradation mechanism

When subjected to repeated traffic loading, ballast degrades progressively. Degra-

dation of the ballast layer occurs in different forms: (1) rearrangement of particles,

(2) particle abrasion or breakage, and (3) penetration of subgrade soil or coal dust

into ballast voids [14, 15]. The degradation process in the ballast layer can result

in the accumulation of fine particles or contamination (e.g., coal dust, soil and

clay) in the voids, known as ballast fouling. This leads to ballast structural stiffness

degradation and track settlement [15, 16]. Due to noticeable variation of wheel/rail

interaction forces and non-uniformity of ballast properties, the settlement occurs at

different rates along the track. Therefore, some sleepers may become partially or

even completely unsupported. This causes excessive dynamic loading and accelerates

the track geometry deterioration [17]. Figure 1.5 schematically shows the presence

of partially degraded sleeper supports and hanging sleepers along the track, leading
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Figure 1.5: Un-supported and partially supported sleepers

to generation of long wavelength track irregularities.

Tamping is one of the most common maintenance techniques utilized to improve

the track geometry. It is usually performed by tamping machines which lift the track

and insert vibrating arms into the ballast layer to pack the ballast stones under the

sleepers. A successful tamping can restore the track geometry through correcting

the longitudinal profile and alignment of rails. However, despite the advantages of

tamping activities, inserting the vibrating arms into the ballast layer may lead to the

particle breakage and faster deterioration of the track quality.

1.2.2 Intelligent condition monitoring for efficient maintenance

Deterioration of railpad, ballast and sub-ballast layers significantly influence

the track stiffness which, in turn, impacts the track geometry variation, thereby

negatively affecting the total track maintenance cost [18]. An intelligent condition

monitoring tool capable to issue early warnings of deterioration processes or im-

pending faults in these components is highly appealing, and could contribute to

the development of cost-effective maintenance strategies. In fact, the information

provided by such a monitoring tool could potentially lead to a more efficient mainte-

nance planning. This can provide a basis for increasing the safety and availability of

S&Cs in railway network which, in turn, improves train punctuality and guarantees

further development of railway as a key transportation mode in Europe.

1.3 State of the art

1.3.1 Dynamic characterization of the track components

Dynamic characterization of railway track components is the first step in the

performance analysis of S&Cs. The dynamic characteristics of railway track can

be obtained by means of high-fidelity mechanical models [19, 20, 21], or experi-

mentally through performing a non-destructive hammer test (receptance test). The
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track resonance frequencies extracted from the free vibration data collected during

a receptance test provide valuable insight into the dynamic behavior of the track

components [22, 23, 24]. Moreover, the receptance data can be employed for

calibrating numerical high-fidelity models through tuning the stiffness and damping

values of different track components [25, 26]. The latter has been carried out in

a number of research studies (e.g., [27, 28, 29, 30, 31]) to improve the accuracy

of Finite Element Models (FEMs) developed for predicting the dynamic behavior of

open tracks. Particularly, receptance response measured at the crossing nose of a

S&C has been utilized in [20, 32] in order to estimate input parameters of a Finite

Element (FE) model, such as stiffness and damping of ballast and railpad.

Receptance test has also been exploited to obtain the dynamic properties of de-

graded railway tracks. Kaewunruen and Remennikov [24] employed the Frequency

Response Function (FRF) obtained by performing hammer tests in combination with

a Two Degree of Freedom (2DOF) model to investigate the effect of visible defects,

such as cracked sleeper and broken fastening system, on the dynamic properties of

railway track. Oregui et al. [33] and Oregui et al. [34] studied the potentiality of a

method based on the combination of the FRF-based statistical technique and field

hammer test measurements, for identifying vibration characteristics of damaged

railway tracks. Although it has been shown in the aforementioned research studies

that the receptance measurement provides useful information about the status of

the track components and dynamic properties of degraded railway tracks, due to the

following drawbacks the test is rarely performed by the track infrastructure manager:

(1) train traffic is interrupted during the execution of each measurement campaign,

(2) to allow assessment of the track condition over time, the measurement should

be performed at frequent intervals which is time consuming, costly and requires

availability of track supervisors.

1.3.2 Ballast monitoring

Assessment of ballast condition has been the subject of different studies in recent

years. Several monitoring methods have been proposed by researchers for this

purpose. These methods can be divided into two main categories: direct methods
in which the condition of the substructure is assessed directly through measuring

or examining geophysical data, and indirect methods which rely on the advanced

analysis of vibration data recorded by either a measurement vehicle or a track-side

measurement system.

The Ground Penetrating Radar (GPR) [35, 36, 37], Cone Penetration Test (CPT) [38]

and visual inspection [39, 40, 41] are the most common direct methods which

have been used in the past for condition monitoring of the track infrastructure.



8 Chapter 1. Introduction

GPR is a nondestructive technique which is used to detect different defects such

as fouled ballast and subgrade settlement through transmitting radar pulses into

the subsurface and processing scattering data. CPT is a technique which is used to

determine the bearing capacity of the soil1. Visual inspection is a method relying on

camera-based monitoring systems. Despite the advantage of the direct methods in

providing some beneficial information about the track status, these methods suffer

from some drawbacks. GPR has some difficulties in selecting a proper frequency

range for electromagnetic waves to correctly locate the ballast damage. CPT is a

destructive and time consuming method which interrupts the train traffic. The visual

inspection is only effective for detecting surface defects.

Indirect methods mainly rely on the determination of track stiffness as a potential

indicator of the track quality. In some studies, track stiffness has been measured by

using a moving vehicle equipped with measurement axles. Track Loading Vehicle

(TLV) with two coaches, each equipped with a measurement axle for applying loads

and non-contact lasers for measuring the vertical deflection, was used in [42] to

obtain the vertical stiffness along railway track. A moving rail car instrumented

with a non-contact measurement system including two line lasers and a camera was

proposed by Norman et al. [43] for estimating track modulus2. Determination of

dynamic track stiffness through applying a dynamic force at different frequencies (up

to 50 Hz) has been carried out by means of Portancemetre and Rolling Stiffness Mea-

surement Vehicle (RSMV) [35, 36, 44]. The dynamic load applied by Portancemetre

was generated using two unidirectional oscillators installed on a moving wheelset.

A different approach was employed in RSMV, where the dynamic excitation was

generated through two vibrating masses placed in a freight wagon above a wheel

axle.

Model-based techniques for monitoring the track stiffness are another class of indi-

rect methods which have attracted a lot of attention in recent years. Model-based

techniques rely on the availability of an appropriate model capable to predict the

dynamic behavior of the track. In particular, an approach based on the combination

of a railway track model and model updating algorithms has been adopted in recent

research studies for ballast damage detection. A Timoshenko beam model in com-

bination with a deterministic model updating method was employed by Lam et al.

[45] for locating ballast damage under a sleeper in a full-scale test panel. The ballast

layer under the sleeper was divided into several regions for which ballast stiffness

1In geotechnical engineering the bearing capacity of the soil is the ability of the soil to withstand loads
applied to the ground. The cone penetration test uses mechanical measurements of total penetration
resistance to pushing a tool with a conical tip into soil.

2Track modulus is a measure of the stiffness of the supporting foundation, and defined as the load
applied to the rail per unit length of the rail per unit deflection.
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was considered as an unknown parameter. An artificial damage was then created at

a specific region in the full-scale test panel. The unknown parameters of the model

were updated by minimizing error between measured and model-predicted reso-

nance frequencies and mode shapes. The ballast damage was eventually detected

by comparing the values of the stiffness parameters in damaged and undamaged

cases. The approach proposed in [45] was improved in [46] in order to take into

account significant uncertainties associated with ballast properties. For this purpose,

a Bayesian model updating strategy was adopted and a statistical description of the

unknown parameters of the model was found. The damaged region was detected

through calculating the mean value and one standard deviation of the obtained

posterior Probability Density Functions (PDFs). In order to ensure the applicability

of the proposed model-based framework, the research work was further extended

in [47], where field test data and a modified model were combined with a Markov

Chain Monte Carlo (MCMC)-based Bayesian model updating strategy to investigate

the detection capability of the proposed method in practice. In another study, Lam

et al. [48] proposed a Lagrange polynomial model describing the ballast stiffness

distribution under the sleeper in order to avoid the discontinuity in the ballast

stiffness at the interfaces between the considered regions. The developed polynomial

model was used in combination with the MCMC-based Bayesian algorithm for ballast

damage detection. While the previously reviewed model-based methods were shown

to be useful for detecting ballast damage, they rely on performing the hammer test

which, as discussed earlier, is not favorable. Moreover, in the case of using the

train-induced vibration data, the Timoshenko beam model must be extended to take

into account the mechanical interaction between the rails and several sleepers along

railway track. This will lead to a large number of unknown parameters which nega-

tively affects the computational efficiency of the proposed strategy, and increases

the level of uncertainty.

1.3.3 Ballast quality indicator

According to the European standard EN13848-6 [49], track geometry parameters

can be utilized as indicators of the track quality. Track geometry parameters are

typically measured by means of track geometry (recording) cars. Particularly, the

longitudinal level in the wavelength range from 3 to 25 m is used to assess the

ballast quality [50, 51]. There are some difficulties concerning the assessment of the

ballast quality along S&Cs based on the procedure given in the European standard,

• The track geometry car uses a Global Navigation Satellite System (GNSS) to

determine the position information. There is a considerable error associated
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with this information [52]. Although the accuracy of the position information

may be sufficient for typical degradation analyses performed over a track

length of 200-m, the error may lead to a high uncertainty when analyzing the

temporal degradation within the short sections along the S&C (i.e., switch

panel, closure panel and crossing panel). Results obtained from the analysis of

a 200-m track section cannot be a reliable measure of the track quality along

the S&C [53]. This is due to the fact that this track length contains either more

than one S&C or a S&C combined with an open track section, which in both

cases leads to underestimating or overestimating the turnout quality.

• Track geometry cars block railway lines and cause delay and disruption to

train services. This is particularly problematic in the case of high-speed tracks

for which the track geometry measurements are usually performed every two

weeks [54]. To control the cost associated with the measurement campaigns,

the Danish railway infrastructure manager performs the measurements at less

frequent intervals (every 100 days). However, the large time gap between

the measurement campaigns may hinder timely detection of development

of deterioration processes and result in higher maintenance costs, frequent

unavailability of the railway network and service delays.

The former has been tackled in the past using different methods for the spatial

alignment of the track geometry data in S&Cs [55, 56]. Evaluation of the quality of

S&Cs over time through analyzing the aligned geometry data has been the subject

of some studies. Khouy et al. [57] used the time-series of the longitudinal level

measured by a track geometry car in a number of turnouts over a period from

2007 to 2011 to analyze the degradation process. Two different approaches were

presented. In the first approach, two parameters were defined based on the relative

variation of the measured longitudinal levels, and the trend of the defined parameters

was investigated over the considered period. In the second approach, geometrical

characteristics of the longitudinal level profile measured over a given distance along

the turnouts were extracted and analyzed over time. It was shown that the proposed

approaches can provide a good insight into the deterioration rate of railway turnouts

and, therefore, facilitate maintenance decision making for the track infrastructure

manager. Minbashi et al. [58] employed the Power Spectral Density (PSD) of the

longitudinal level for the assessment of ballast degradation at four different turnouts

in the Swedish railway network. To determine the track quality, they compared the

obtained PSDs with the chinese PSD standard. It was shown that useful information

extracted from the PSD of the longitudinal level can help the infrastructure manager

more efficiently plan ballast maintenance activities. Asadzadeh et al. [59] proposed
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a ballast quality index based on the fractal dimensioning of the longitudinal level.

They exploited the track geometry data measured at 88 turnouts in the Danish

railway network and obtained a regression model describing the effect of different

parameters, such as train speed, number of tamping and shape of turnout, on ballast

degradation rate. The model was shown to have a wide confidence interval. To avoid

the significant level of uncertainty associated with the obtained model, suitability of

an analysis based on the train-induced vibration data collected continuously over

time was discussed.

Although the methods proposed by the aforementioned studies allow investigating

the degradation process in S&Cs by using the track geometry data, they still rely on

the availability of the data provided by track recording cars. As mentioned earlier,

both frequent and occasional executions of the measurement campaigns have their

drawbacks. These drawbacks can be overcome by employing a data-driven condition

monitoring tool which analyzes the train-induced vibration data collected by, e.g., a

track-side measurement system to continuously determine the ballast quality over

time.

1.3.4 Railpad monitoring

Although monitoring of railpads in service has not been carried out in the past,

several attempts have been made to gain an understanding of the dynamic behavior

of railpad and its deterioration over time. Oregui et al. [60] showed that preload,

excitation frequency, temperature and aging are the main parameters affecting the

stiffness of railpad. They proposed a method based on the combination of Dynamic

Mechanical Analysis (DMA) and the time-temperature superposition principle for

determining railpad properties. Three types of railpads were examined at different

frequencies, temperatures and preloads using a laboratory set-up. Moreover, in order

to study the effect of aging on the railpad properties, new and worn railpads were

compared. A reduction in the stiffness and damping capacity was observed for the

railpad after being in-service for 10 years. It was also shown that the stiffness of

railpad and, therefore, its dynamic behavior vary with temperature between hot

and cold days. Effects of the aforementioned parameters on the railpad properties

have been investigated individually in previous studies. Results of laboratory tests

provided in [61, 62, 63] confirm the dependence of the railpad stiffness on preload.

More specifically, the results show that the railpad stiffness increases with an in-

crease in the applied preload. Analysis of the influence of temperature on railpad

stiffness was the subject of research studies carried out in [64, 65], where laboratory

experiments were performed in the temperature range -20 to 40°C. It was observed

in both studies that the railpad gets stiffer with decreasing the temperature, and
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softer with increasing the temperature. Wei et al. [66] studied the relation between

the temperature and the stiffness in a wider temperature range from −40°C to 70°C,

for three different types of railpads. The stiffness of the railpads was shown to

be a nonlinear function of temperature, and significantly sensitive to temperature

variation below 10°C.

Unlike the preload and temperature factors, aging is a factor which causes per-

manent changes in railpad stiffness. To investigate the aging effect, the dynamic

characteristics of new and worn railpads were compared in a number of research

studies. In order to predict the deterioration rate of railpads, Remennikov et al. [67]

employed an experimental modal analysis technique and compared the dynamic

behavior of a new railpad with groups of worn railpads removed from a railway

network in Sydney after being in service for 18 and 20 years. Analytical formulation

of FRF for a Single Degree of Freedom (SDOF) model with unknown structural

parameters (stiffness and damping) was presented. The unknown parameters were

then extracted by using a curve-fitting algorithm providing the best fit to the ex-

perimental FRF obtained from a hammer test. It was observed that even the worn

railpads of the same type and the same age exhibit a different dynamic behavior.

Finally, the deterioration rates of the stiffness and damping were estimated based on

a linear regression analysis. Oregui et al. [68] studied the effect of different factors,

including the aging, on the dynamic performance of railpads. They performed a

laboratory test to extract the dynamic properties of new and worn railpads. The

extracted properties were used as inputs to a three dimensional FE model to simu-

late vertical track response. It was shown that the antiphase movement of rail and

sleeper on the flexibility of the pad (representing the second track resonance) in the

presence of worn railpads occurs at lower frequencies.

According to the observations reported in the previous studies, the deterioration

process in the railpad layer is a complex phenomenon which not only depends on the

type and age of the railpad but also on other factors such as the loading condition

and the location along the track. A linear model describing the deterioration rate of

the railpad over time may not be a reliable and effective approach to determine the

optimum time for the replacement of railpads in service. A real time monitoring tool

can instead provide a better understanding of the deterioration process occurring

over time, which in turn facilitates the decision making process and leads to a more

efficient maintenance planning. However, designing such a tool is a challenging

task since there are many factors affecting the dynamic properties of railpad. The

condition monitoring system must, therefore, be capable of distinguishing varia-

tions in railpad properties caused by the aging from the variations caused by other

factors. Moreover, such a monitoring tool requires the continuous availability of a
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measurement system.

1.4 Project scientific objectives

This PhD study has been conducted as a part of INTELLISWITCH project in

close collaboration between the Technical University of Denmark and the Danish

railway infrastructure manager. The PhD thesis aims at designing a novel data-driven

monitoring tool for reliable condition assessment of hidden components of the track

infrastructure (ballast and railpad) along S&Cs. Developing a monitoring system

which is capable to continuously and individually assess the quality of the track

components, and provide early warnings of development of deterioration processes

is very appealing. This is due to the fact that such a monitoring system can pave

the way towards the transition from periodic/reactive to predictive maintenance

and could lead to improvement of the safety, reliability and operational lifetime of

the S&Cs in railway network. However, the literature survey points out that the

previously developed monitoring methods lack these desirable properties. The main

focus of this thesis is to provide an approach leading to the development of a smart

diagnosis tool with the aforementioned features, through answering the following

questions:

Modeling

• How to develop a model to support designing a condition monitoring system

which can supervise development of degradation processes?

• Is the modeling approach capable to provide desirable properties such as

portability, scalability, robustness and computational efficiency?

Detection

• How to extrapolate specific features indicating the deterioration process in the

selected components of the S&C?

• How to integrate the obtained model with S&C health indicators to design a

detection scheme for diagnosis of faults and wear and tear processes in these

components?

• How to ensure the adaptability and robustness of the monitoring system

towards changing working conditions of the S&C (e.g., loading and environ-

mental variations)?
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Operationalization

• How to bridge the gap between research and practice to deliver an interpretable

monitoring index to the track infrastructure manager?

1.5 Thesis outline

This thesis is prepared as a collection of scientific papers. The thesis consists of

two main parts. The first part presents an overview of the main obtained results

and the second part contains appended papers describing different aspects of the

project in details. The first part of the thesis is organized as follows: Chapter 2

presents the summary of main contributions of the project. Experimental set-up and

measurement equipment are introduced in Chapter 3. Chapter 4 presents statistical

models based on train-induced vibration. Novel monitoring tools for evaluating the

health status of the ballast layer and in-service railpads over time are provided in

Chapters 5. Chapter 6 presents an approach for operationalization of the ballast

monitoring tool. Chapter 7 summarizes the outcomes of the project and discusses

possibilities for future research works.
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Summary of main contributions

Journal Articles

The main contributions of this research project are presented in four journal

papers (B, E, F, G) and one book chapter (D). Papers B and D focus on developing

low-complexity behavioral models by using either measurements from a hammer

test or train-induced vibration data. Papers E, F, G develop novel detection schemes

for monitoring the quality of ballast and railpad over time.

Paper [B] P. Barkhordari, R. Galeazzi, A. de Miguel Tejada, and I. Santos. “Be-

havioural Models for Railway Turnouts Monitoring -Predictiveness, Robustness,

Portability and Scalability”. Submitted to Mechanical Systems and Signal Processing
(2018)

The paper focuses on developing low-complexity behavioural models of the substruc-

ture of the railway turnouts based on measured accelerations during hammer tests

and by exploiting subspace system identification methods. The proposed models

have been largely validated against train passage data to assess their predictiveness

and robustness. The suitability of these models for the development of condition

monitoring systems for railway turnouts substructure in comparison with other

established approaches in the railway technology community is investigated.

This work has been done in collaboration with Alejandro de Miguel Tejada, postdoc

researcher at DTU Mechanical Engineering. He has had a major role in perform-

ing the experimental campaign (impact hammer tests) and he has developed the

Multibody Simulation (MBS) model presented in Section B.5 of the paper. The PhD

student has written the entire paper including all the tables and figures (Section

B.1 to Section B.7). She has developed the low-complexity behavioral models and

obtained all the results presented in the paper, except those given in Section B.5

which have been provided by Alejandro de Miguel Tejada. The PhD student has also
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contributed to the receptance campaign in October 2017.

Paper [E] P. Barkhordari, R. Galeazzi, and M. Blanke. “Monitoring of Turnout

Ballast Degradation using Statistical Low-complexity Behavioural Models”. Submitted
to IEEE Transactions on Control Systems Technology (2019).

The paper describes a novel data-driven condition monitoring tool for the analysis

of degradation process in the ballast layer of railway turnouts. The proposed method

relies on obtaining statistical representation of the first track resonance by exploiting

the train induced vibrations data collected by a track-side measurement system

during the ordinary train traffic over a two-year period. The validity and performance

of the method are investigated at three different locations along a railway turnout. It

is shown that the proposed monitoring tool can successfully detect the deterioration

process in the ballast layer over the considered period.

Paper [F] P. Barkhordari, R. Galeazzi, and M. Blanke. “Monitoring of Railpad

Long-term Condition in Turnouts Using Extreme Value Distributions”. Submitted to
IEEE Transactions on Control Systems Technology (2019).

This paper designs, for the first time, a novel data-driven condition monitoring

system for monitoring the quality of in-service railpads at different locations along

a turnout over time. The monitoring system is developed based on statistical

characteristics of the second track resonance estimated following the framework

presented in Paper D, and hourly temperature data. A model representing the

temperature dependency of the second track resonance frequency is obtained to

minimize the effect of temperature variation in the estimated second track resonance

frequency. The performance of the monitoring tool for detecting changes in the

railpads properties caused by the deterioration process at four different locations

along the turnout over a period of 18 months is then investigated. It is shown that

the monitoring tool can successfully distinguish between the deterioration process

in the railpad layer and other factors affecting the railpad properties.

Paper [G] P. Barkhordari, R. Galeazzi, and M. Blanke. “Prognosis of railway

ballast degradation for turnouts using track-side accelerations”. Submitted to Proceed-
ings of the Institution of Mechanical Engineers, Part O: Journal of Risk and Reliability
(2019).

The paper is focused on making the data-driven monitoring tool, proposed in

Paper E, operational and compatible with the European standard (EN13848-6). For

this purpose, results provided by the condition monitoring tool over the two-year

period are compared with measurements from a track geometry car introduced by

the European standard as an indicator of the ballast quality. A quadratic regression

model is then found to describe the relation between the variation of the track

geometry parameter after a tamping event and the variation of the test statistics
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obtained from the monitoring tool. It is shown that the obtained polynomial model

is capable to reproduce the measurements from the track geometry car with a higher

resolution in time and, therefore, it can be used for efficient maintenance planning

and reliable decision making.

Book chapter

Paper [D] “Statistical Models for Monitoring of Railway Turnouts Using Train

Induced Vibrations”. Submitted as a part of the book Intelligent Quality Assessment
of Switches and Crossings. Springer (2019). The paper proposes a new method

to derive statistical models for two main components of the track infrastructure,

ballast and railpad, based on train-induced vibration data collected using a track-side

measurement system. Different batches of identical trains are considered to provide

statistical representations of the track resonance frequencies at different locations

along a turnout. The obtained statistical models are validated against measurement

results collected during train passages. It is found that the Generalized Extreme

Value (GEV) distribution can well describe the statistical behavior of the first and

second resonance frequencies at different locations along the turnout. Moreover, the

track resonances estimated based on the hammer test are shown to be within two-

standard deviations from the mean value of the obtained PDFs. The performance of

different batches of trains in characterizing the behavior of the ballast and railpad

layers over time are compared. The obtained results emphasize the benefit of using

the statistical models for condition monitoring of the track components.

Peer reviewed conference papers

The conference papers present an early version of the low-complexity behavioral

model based on the performed hammer test and the statistical model based on the

train-induced vibration data collected at one location along the turnout.

Paper [A] P. Barkhordari, R. Galeazzi, A. de Miguel Tejada, and I. Santos.

“Low-complexity Behavioral Model for Predictive Maintenance of Railway Turnouts”.

Proceedings of the 2017 Annual Conference of the Prognostics and Health Management
Society. 2017.

This paper exploits the data collected during a hammer test performed at 3m before

the turnout entry to identify a low-complexity behavioral model. The model is

validated and its capability in predicting the dominant behavior of the track during

the train passage is evaluated. Moreover, the effect of different parameters such
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as train type and train speed on the prediction capability of the identified model is

investigated.

The work has been done in collaboration with Alejandro de Miguel Tejada, postdoc

researcher at DTU Mechanical Engineering. He has had a major role in performing

the experimental campaign (impact hammer test). The PhD student has written

all the paper including all the tables and figures. She has obtained all the results

presented in the paper. The PhD student has also contributed to the receptance

campaign in February 2017.

The paper has been awarded as the "Best Application Paper of the conference".

Paper [C] P. Barkhordari and R. Galeazzi. “Statistical Model of Railway’s

Turnout based on Train Induced Vibrations”. Proceedings of the 10th IFAC Symposium
on Fault Detection, Supervision and Safety of Technical Processes. 2018.

The paper proposes a method for characterizing the track resonance frequencies

using train-induce vibration data. A combination of a signal processing method

and an identification algorithm is used to extract the track resonance frequencies

representing the dynamic characteristics of the ballast and railpad layers. Statistical

representations of the track resonances are obtained by exploiting batches of data

collected during the passage of two different types of passenger trains at one location

along the turnout.

Other journal papers

Paper [H] S. M. Asadzadeh, P. Barkhordari, and R. Galeazzi. “Joint estimation

of track irregularities and track support stiffness from track-side measurements in

railway turnouts”. Submitted to Journal of Structural and Health Monitoring (2019).

This paper proposes an estimation method capable of distinguishing between short

wavelength defects on the rail surface and the medium-to-long wavelengths track

vertical irregularities arising from ballast differential settlement. This paper is

not appended to this thesis, since it follows a completely different approach and

focuses on obtaining the track modulus representing the overall behavior of the track

infrastructure (i.e., combined behavior of railpad, ballast and the subgrade).
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Experimental set-up

3.1 Track-side measurement system

As the first step towards designing the data-driven condition monitoring tool,

an S&C located at Tommerup station (Fyn - Denmark) was equipped with a track-

side measurement system consisting of 3 wheel detectors, 12 2-axis accelerometers

(measurement range: ±500g) and 3 displacement sensors (measurement range:

±20mm). Figure 3.1 shows a schematic overview of the measurement locations

along the S&C. The sensors were mounted on both main and diverging tracks.

However, since the trains passing through the diverging track constitute a small

proportion of the total traffic on the S&C (about 1% of the total train passage), only

acceleration data measured by accelerometers A1, A2, A4, A7 and A11 mounted on

the main track are utilized in the present study. All the sensors are connected to a

multi-channel data acquisition system in which the data is sampled at the sampling

frequency Fs = 20kHz, and temporarily stored. Figure 3.2 shows an overview of

W1 A1 A2

A3 A5

A4

D1 D2

A6

A8

A7
 

A9

A10
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A12
 

W3
 

W2
 
 

D3
 

14-08 14-16 14-35 14-61
 

14-64
 

14-72
 

Sleepers

A: 2 - axis accelerometers
D: Displacement sensors
W: Wheel detector

Figure 3.1: Layout of the sensors locations along the S&C at Tommerup station (Fyn

- Denmark). The data utilized in this work refer to vertical accelerations measured

by accelerometers A1, A2, A4, A7 and A11.
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(a) Overview of the turnout in proximity of Tom-
merup station

(b) Accelerometer A5 magnetically connected to
the rail web

(c) Displacement sensor resting on the sleeper (d) Wheel detector mounted on proximity of the
rail web

Figure 3.2: Pictures of the instrumented S&C nearby Tommerup station (Fyn -

Denmark).

the instrumented S&C at Tommerup station and some of the sensors.

The wheel detectors are used to enable automatic data collection during the pas-

sage of trains through the S&C. Moreover, the data provided by the first and second

wheel detectors (W1 and W2) located at a known distance from each other is used

to calculate the speed of passing trains. The vertical and lateral accelerations of the

track and the vertical motion of the sleepers are measured using the accelerometers

magnetically installed on the rail web and the displacement sensors, respectively.

Only vertical track accelerations are taken into account in the present study. This is

due to the fact that degradation of the track geometry (track settlement) results in

a significant change in the track stiffness which, in turn, affects dynamic behavior

of the track in the vertical direction. An example of the vertical acceleration data

collected at location A2 and the time-shifted output of the first wheel detector (W1)
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Figure 3.3: The track acceleration response to a passenger train (IC3) and the wheel

detector signal.

are shown in Fig. 3.3. The time delay τ in this figure is obtained based on the

calculated train speed and the known distance between the first wheel detector

and the accelerometer. The time-shifted output of the wheel detector is particularly

useful for precisely determining the time instant at which each bogie passes through

the measurement location. The acceleration signal is normalized to comply with the

policies of the Danish railway infrastructure manager. The adopted normalization is

ā = a/max(|a|).
Although the data collected by the displacement sensors may be used for the analysis

of ballast degradation, it is not exploited in this study. This is because dynamic re-

sponse of the sleepers are mainly influenced by the stiffness of the track substructure

components. Therefore, analysis of the displacement data does not provide sufficient

input for monitoring the track superstructure elements (e.g., railpad) which is one

of the goals of this project. As an example, the time history and power spectral

density of the displacement measured at location D1, and the power spectral density

of the track acceleration at location A4 are shown in Fig. 3.4. According to the

literature, the first and second track resonance frequencies linked to the dynamic

properties of the ballast and railpad layers, are expected in the frequency intervals

[50, 200] Hz and [200, 600] Hz, respectively [77]. As it can be seen in Fig. 3.4, unlike

the frequency contents of the acceleration signal, the power spectral density of the
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Figure 3.4: The time and frequency responses of the track induced by a passen-

ger train (IC3); normalized displacement signal (top), power spectral density of

displacement signal (middle), power spectral density of acceleration signal (bottom).

displacement signal does not contain any frequency peak in the frequency interval

where the dynamic behavior of the track related to the railpad layer is expected.

Figure 3.5 shows the timeline of the data collection at Tommerup station. The

entire period is divided into three sub-periods: TP1 in which the quality of the

data is not good due to measurement system malfunction, TP2 in which no data is

collected, and TP3 in which good quality data is collected. The figure also indicates

the occurrence of one tamping event (ballast maintenance) in October 2016. An

example of poor quality data collected within the period TP1 is shown in Fig. 3.6.

Apart from the track-side measurement system at Tommerup station, an Axle

Load Checkpoint (ALC) system is utilized to measure the axle and wheel loads of the

passing trains. The ALC system is installed in a nearby station located about 7 km

from Tommerup station. The data provided by the ALC system is taken into account

in this study to analyze the effect of train wheel loads on the performance of the

monitoring system.
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Figure 3.5: Timeline of the data acquisition process performed at Tommerup station

through the installed track-side measurement system.
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Figure 3.6: An example of the collected poor quality acceleration
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Figure 3.7: Layout of the measurement locations along the S&C at Tommerup station,

and highlighted sections where the receptance tests have been performed.

3.2 Receptance test

Three receptance test campaigns were carried out at Tommerup station in Febru-

ary 2017, August 2017 and October 2017. Among these measurement campaigns,

the one in October 2017 includes the impact hammer tests performed along the

entire S&C; Open Track (OT), Switch Panel (SP), Closure Panel (CLP), Crossing

Panel (CP) and an additional section (AS). The measurement sections with the mea-

surement points are shown in Fig. 3.7. The tests were performed by impacting the

top of the rail head with an instrumented hammer and recording the track response

by means of accelerometers placed on the rail head. Figure 3.8 shows the set-up for

the receptance test at location A11 including the hammer and accelerometers. A

schematic of the location where the hammering has taken place and the positions

of the sensors are also shown in this figure. The instrumented hammer was a big

hammer with a plastic tip (086D50 PCB [78]) suitable for exciting the track in the

frequency range [80, 800] Hz [34, 79]. Accelerometer 1 and Accelerometer 2 were

mounted on the rail head at sleeper location and mid-span, respectively. An example

of the applied forces and the corresponding acceleration signals recorded at location

A2 is shown in Fig. 3.9.

Two different amplifiers have been utilized for accelerometers and the hammer

during the receptance tests. Due to human error in setting the characteristics of the

two amplifiers, two different band-pass filters have been applied to the input and

output of the measurement. This has resulted in a time lag between the measured

force and acceleration signals. The problem was realized after detailed analysis

of the collected data. However, it was not possible to repeat the experiment since

performing the measurements at all the locations along the entire S&C is very costly,

as it disrupts the train traffic for several hours, and demands planning, permissions



3.3. Track geometry measurement 25

(a) Graphical representation of the sensors location during the impact test.

(b) Impact test performed at the additional section close to accelerometer A11.

Figure 3.8: Schematic and picture of the experimental set-up employed to carry out

the receptance test (Tommerup station, Fyn, Denmark - October 2017).

and availability of track supervisors. The aforementioned problem leads to some

difficulty in obtaining input-output models based on the data collected during the

receptance tests. However, this is not a blocking issue since output-only models are

preferable in this project. This is due to the fact that the force signal is not measured

by the track-side measurement system and, therefore, adopting a method which

only relies on the availability of the output signal (train-induced acceleration) is an

advantage. This is further discussed in Chapter 4.

3.3 Track geometry measurement

Within the period of conducting the PhD project track geometry data collected

during 8 measurement campaigns were provided by Banedanmark. The track

geometry measurements were collected by a universal measuring vehicle (UFM

120) shown in Fig. 3.10. Banedanmark utilizes the track geometry measurements to
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Figure 3.9: Outcome of the hammer test at location A2; Tommerup station

evaluate the track status over time. The vehicle measures track geometry parameters,

such as the longitudinal level, alignment, track gauge, cross level and twist, at every

25 cm along the track. Among the track geometry parameters, the standard deviation

of the longitudinal level (σH) in the wavelength range from 3 to 25 m is an indicator

of the track quality which is recommended by the European standard EN13848-6

[80]. This indicator is used by the track infrastructure manager for determining

the ballast quality and planning the tamping activities [50, 51]. Five track quality

classes have been defined in the European standard based on the line speed and

values of the σH . Table 3.1 presents the limit values of the σH for each track quality

class and for different speed ranges.



3.4. Utilization of the measurement data sources 27

Figure 3.10: Track geometry car, courtesy of Banedanmark

Table 3.1: Limit values of σH in D1 domain (wavelength 3-25m), [80]

Speed (km/h) Track quality Class

A B C D E

V ≤ 80 < 1.25 1.75 2.75 3.75 > 3.75
80 < V ≤ 120 < 0.75 1.10 1.80 2.50 > 2.50
120 < V ≤ 160 < 0.65 0.85 1.40 1.85 > 1.85
160 < V ≤ 230 < 0.60 0.75 1.15 1.60 > 1.60
230 < V ≤ 300 < 0.4 0.55 0.85 1.15 > 1.15
V > 300 No value No value No value No value No value

3.4 Utilization of the measurement data sources

The data collected by the track-side measurement system has been used in Paper

A to Paper G (summarized in Chapters 4 to 6). The load information provided by

the ALC system is exploited in Paper B, Paper E, Paper F and Paper G (summarized

in Chapters 4 to 6). The data collected during the receptance tests is used in Papers

A and B (summarized in Chapter 4). The measurements collected by the track

geometry car are exploited in Paper G (summarized in Chapter 6).





Chapter 4

Behavioral models for railway
turnout

A condition monitoring system which can give a reliable picture of the status

of the track infrastructure significantly relies on the availability of a proper model.

Suitability of the model for the purpose of this study lies in its adaptability across

a nation-wide S&Cs’ network. Therefore, it is of paramount importance that the

following features are taken into consideration when adopting a modeling strategy

for the monitoring system design:

• Robustness to intrinsic and extrinsic variabilities, e.g. changes in curvature

radius, type of sleepers, distribution of the loading between straight and

diverging track and travelling speed of the trains.

• Scalability across a variety of track configurations in order to handle inclusion

of additional components to the track infrastructure, e.g. adding under sleeper

pads.

• Portability from one S&C to another.

This chapter utilizes the track acceleration signals collected during the impact

hammer tests and data collected during the ordinary train traffic to address the

modeling aspect of the project. The detailed description of the method and the main

results are explained in Papers A, B, C and D.

4.1 Dynamic characterization of the track infrastructure

components

Developing a model based on the track acceleration data induced by train excita-

tion is a challenging task as the track response contains not only the dynamics of
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Figure 4.1: Measured acceleration collected by the track-side measurement system

and its power spectral density at location A2.

the track components but also the complex dynamics of the train/track interaction.

Figure 4.1 shows train-induced acceleration response of the track collected at loca-

tion A2 and the calculated power spectral density. The acceleration response has

been low-pass filtered with cut-off frequency of 1000Hz since the frequency peaks

linked to the ballast and railpad components can be found in the frequency range

from 100 to 1000Hz [77]. A large number of peaks are still visible in the frequency

response of the track, among which the frequency peaks representing the ballast and

railpad characteristics are not identifiable. One possible way to overcome this issue

is to eliminate the undesired frequency peaks resulting from train/track dynamics.

This can be carried out by obtaining the free-vibration response of the track and

characterizing the behavior of the ballast and railpad layers. As mentioned earlier

in the literature survey, dynamic characteristics of the track components can be

obtained reliably through performing the impact hammer tests. As mentioned in

Chapter 3, a set of full-scale impact hammer tests was performed at different loca-

tions along the S&C in October 2017. Frequency analysis of the acceleration signals

measured at different locations indicates that there are two significant frequency

peaks in the frequency range of interest [0, 1000] Hz. In this frequency range, the
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Figure 4.2: Average power spectrum with 95% confidence interval for vertical track

accelerations measured at A2 location.

coherence function exhibits a high cross-correlation between the measured forces

and accelerations and, therefore, ensures the validity of the test results (see Paper

A and B). As an example, Figure 4.2 illustrates the average power spectrum Gavg
aa

of all measured vertical accelerations with the 95% confidence interval at location

A2. The first peak associated with the ballast layer lies within the frequency range

[100, 200] Hz. It is known as the first track resonance and describes the in-phase

vibrations of rail and sleeper. The second peak (second track resonance) representing

the railpad effect is observed in the frequency range [400, 700] Hz and corresponds

to the out-of-phase motions of rail and sleeper.

4.1.1 Behavioral models based on receptance test

The frequency analysis of the measured acceleration suggests that the least com-

plex model capturing both ballast and railpad dynamics is of order four. To find a

low-complexity behavioral model, the Eigensystem Realization Algorithm (ERA) is

employed. ERA is an effective system identification tool widely used in structural

engineering for identifying natural frequencies, mode shapes and damping ratio
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exploiting the free vibration response of a system [81]. Despite the availability of

the input signal during the hammer tests, only the measured vertical acceleration is

used in the identification process. As discussed in Chapter 3, this is due to a time lag

between the measured forces and corresponding acceleration signals, giving rise to

difficulty in obtaining a valid input-output model. Besides, since the input forces

applied by the train wheelsets are unknown (not measured), this study is intended

to adopt an output-only identification approach to enable examining the validity

and robustness of the identified models against the train-induced vibration data.

Feeding the ERA algorithm with the free-vibration data measured at different loca-

tions the state space models can be identified. Table 4.1 shows the extracted modal

characteristics calculated using the identified low-complexity models for different

sections along the S&C including Open Track (OT), Switch Panel (SP), Closure Panel

(CLP), Crossing Panel (CP) and an additional section (AS).

The validity and the robustness of the identified models are investigated by compar-

ing the zero-input response (initial state response) of the models with a validation

data set, created from the hammer test measurements not used in the identification

process, and the train-induced vibration data, respectively. For the crossing panel

(A7), the results of these comparisons are shown in Fig. 4.3 and Fig .4.4. The fitting

scores for these two cases are calculated as 73.3% and 63.9%, respectively. It is

shown in Paper B that the identified low-complexity behavioral models can correctly

predict more than 50% of the train-induced response of the track at different sec-

tions of the S&C (OT, SP, CLP, CP and AS). Overall, the fitting scores indicate that

the low-complexity models can predict dominant dynamic behavior of the track

response when excited by trains. However, determining the condition under which

the identified models can produce the closest result to the train-induced vibration

data is of paramount importance. For this purpose, the sensitivity of the identified

models to different parameters is evaluated. This is performed by considering the

measurements collected by the track-side measurement system during the passage

of 100 trains, and then clustering the data according to train type, train speed and

the axle load. Figure 4.5 shows the averaged fitting score calculated for each cluster.

It can be seen that the predictiveness of the identified models for different locations

does not vary significantly with train type. However, the axle load and train speed

have a noticeable effect on the obtained fitting scores. The fitting score decreases

from 70% to 30% with increasing the axle load from 4.88 t to 20.08 t. Increasing the

train speed has improved the prediction capability at locations A2, A4 and A11 and,

based on the available data, negligibly influenced the results obtained at location

A7. The results of the sensitivity analysis emphasize that trains with lowest axle load

and highest speed better excite the first and second track resonances.
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Figure 4.3: Validation of the identified model on receptance test data at location A7:

(top) time domain responses; (bottom) estimated power spectral densities with 95%
confidence interval for the measured data, Ĝaa,m, and the model, Ĝaa,M.
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Figure 4.4: Comparison of measured and predicted track accelerations for an IC3

train travelling at 160 km/h through location A7: (top) whole train passage; (bot-

tom) zoom in on a two wheel-set passage.
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Table 4.1: Modal characteristics of the identified models.

Section λ [-] ωn [Hz] ζ [-]

OT
0.9895 ± 0.0472i 154.5534 ± 11.7249 0.1932
0.9691 ± 0.1881i 611.5569 ± 1.6490 0.0673

SP
0.9968 ± 0.0524i 167.1953 ± 6.9777 0.0353
0.9814 ± 0.1553i 499.1206 ± 1.0661 0.0441

CLP
0.9927 ± 0.0324i 105.8538 ± 19.9734 0.2042
0.9864 ± 0.1269i 407.6153 ± 13.4926 0.0432

CP (A7)
0.9905 ± 0.0296i 99.5863 ± 5.2133 0.2917
0.9690 ± 0.1896i 616.4479 ± 1.0853 0.0656

CP (A8)
0.9931 ± 0.0541i 174.0117 ± 2.6834 0.0986

− − −

CP (A9)
0.9899 ± 0.0347i 115.7699 ± 17.6306 0.2648
0.9770 ± 0.1694i 547.6198 ± 3.7399 0.0491

AS (main track)
0.9902 ± 0.0476i 155.5657 ± 24.4137 0.1788
0.9739 ± 0.1955i 630.8860 ± 2.9081 0.0304

AS (diverging track)
0.9925 ± 0.0404i 131.3086 ± 25.3344 0.1633
0.9550 ± 0.2100i 692.6417 ± 5.9791 0.1033

4.2 Statistical models based on train-induced vibration data

The models provided in the previous section were shown to have a good pre-

diction capability. However, the track infrastructure managers rarely perform the

hammer tests. For the ultimate goal of this project which is continuous monitoring of

the track infrastructure components, analysis of the data continuously collected by a

track-side measurement system is essential. This requires availability of behavioral

models based on train-induced vibration data, which are proposed as the core of the

condition monitoring system in this study.

Dynamic characterization of the track components carried out by analyzing the data

from the hammer tests provides essential information for deriving the behavioral

models. Relying on the obtained information, this section focuses on developing a

novel method to address the modeling challenge in this project. The details of the
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IR
4

IC
3

Fre
ig

ht

60
-8

0

80
-1

00

10
0-

12
0

12
0-

14
0

14
0-

16
0

4.
88

6.
33

10
.4

5

18
.0

2

20
.0

8
0

10

20

30

40

50

60

70

80

(b) Location A4
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(c) Location A7
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(d) Location A11

Figure 4.5: Average fitting scores and their standard deviation for 100 trains.

proposed method are thoroughly discussed in Papers D and E.

An overview of the proposed method is presented in Fig. 4.6. The core of the method

is a combination of the Empirical Mode Decomposition (EMD) and the Numerical al-

gorithm for SubSpace State Space System Identification (N4SID). The train-induced

acceleration is pre-filtered and sliced at the passage of each bogie before being fed to

the EMD algorithm. The EMD algorithm decomposes each slice of the acceleration

data into the so-called Intrinsic Mode Functions (IMFs) representing the fundamental

oscillatory modes of the original signal. Figure 4.7 shows an example of the signal

collected during the passage of one bogie and the extracted IMFs. Considering the

information provided in Table 4.1, it can be shown that for all the sections along the

S&C the frequency contents of the fourth and second IMFs lie within the frequency

intervals in which the first and second track resonances are expected. Therefore,

these two IMFs are utilized for the model identification. Since each IMF contains

one dominant oscillatory mode, a second-order model is adequate to characterize

the behavior of each IMF. A fourth-order model, minimum possible order of the



36 Chapter 4. Behavioral models for railway turnout

Figure 4.6: Block diagram of the estimation scheme for ballast and railpad natural

frequencies.
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Figure 4.7: Track response to a passage of one bogie (IC3 train travelling at 158km/h)

and the four extracted IMFs at location A7.
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Figure 4.8: Statistical characteristic of the first track resonance at location A7; for

freight, IR4 and IC3 trains.

system, is identified using the N4SID identification method to predict the dominant

behavior of the track acceleration in relation to the ballast and railpad components.

Having obtained the state-space representation of the low-complexity behavioral

model for each slice of the acceleration, the natural frequencies of the model can be

extracted by performing the eigenvalue analysis. A robust estimation of the first and

second track resonances (ω̂n,1, ω̂n,2) is then provided by taking the median over all

the natural frequencies calculated during each train passage.

Since the low-complexity models are chosen to represent the track dynamic behavior,

different types of uncertainties such as wheel and track defects, water content of

the ballast layer and temperature gradients can influence the estimation process. In

order to include these uncertainties into the analysis, statistical models of the track

resonances are derived by considering all the estimations within a one-month period.

Figures 4.8 and 4.9 show the statistical representations of the first and second track

resonances obtained at location A7 by considering different train types. Based on

the calculated goodness of fit presented in Papers D and E, the GEV distribution

provides the best fit characterizing the statistical behavior of the track resonances.

The black vertical lines in the figures indicate the values of the track resonances

obtained from the hammer tests (see Table 4.1). It can be seen that these values are

within 2 standard deviations from the mean values of the statistical models.
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Figure 4.9: Statistical characteristic of the second track resonance at location A7; for

freight, IR4 and IC3 trains.

The sensitivity analysis performed in the previous section indicated that the

first and second track resonances are well excited at higher speeds and lower

axle loads. Therefore, the vibration data collected during the passage of trains at

high speeds have been taken into account for the purpose of condition monitoring.

However, since different types of trains (IC3, IR4 and freight) consist of a mix of

small, moderate and large axle loads, it is not yet clear what train type should be

considered to better characterize the statistical behavior of the track resonances.

Figure 4.10 shows the distribution of the axle loads for freight, IR4 and IC3 trains

which have passed through Tommerup station over a one-month period. It can be

observed that the distribution of the axle load for the IC3 trains has the smallest

mean value and exhibits less variations. This suggests that the vibration data induced

by IC3 trains is potentially the most appropriate choice for estimating the statistical

behavior of the track resonances. In order to further investigate the effect of the train

type, the statistical representations are obtained over monthly periods by considering

the track response to batches of freight, IC3 and IR4 trains. The results are shown

in Fig. 4.11. A consistent behavior and a clear trend are observed in the statistical

representations of both track resonances when considering the IC3 trains. On the

contrary, the significant variation and higher values of the axle loads in the IR4

and freight trains have led to an inconsistent and stepping behavior over time. It



4.2. Statistical models based on train-induced vibration data 39

5 10 15 20 25

0

0.02

0.04

0.06

0.08

0.1

(a) freight

13 14 15 16 17 18

0

0.1

0.2

0.3

0.4

0.5

(b) IR4

11.5 12 12.5 13 13.5 14 14.5

0

0.2

0.4

0.6

0.8

(c) IC3

Figure 4.10: Histogram of the axle loads for freight, IR4 and IC3 trains.
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Figure 4.11: Probability plots of the first and second track resonances over four

different monthly periods at location A2; for freight, IR4 and IC3 trains with speed

[150− 160]km/h.

must also be noted that the number of freight trains passing through the S&C at

high speed is not adequate in some months to provide a reliable picture of the

statistical representation of the track resonances. Based on these results, vibration

data induced by high speed IC3 trains are taken into account in the monitoring/

detection stage of this project.
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4.3 Discussion

While high-fidelity models such as MBS and FEM provide a very detailed descrip-

tion of the dynamic behavior of the overall system in response to train excitation,

they suffer from several shortcomings in connection with condition monitoring of

S&Cs: (1) the necessity of model calibration whenever a new S&C is analyzed,

since the models are fine-tuned to one specific turnout; (2) the difficulty to include

additional components in the track configuration (e.g., under-sleeper pads); (3) the

difficulty in properly accommodating changes in the components, caused by wear

and tear or environmental conditions, due to the large number of parameters. As

discussed earlier, features such as robustness, portability and scalability are desirable

for the purpose of condition monitoring. Thanks to the low-complexity nature of the

identified models, the aforementioned features can be enabled.

The robustness of the proposed low-complexity behavioral models has been

verified in this chapter (Fig. 4.4) and also in Papers A, B, C and D, where the models

are shown to be capable of predicting more than 50% of the dominant behavior of

the track under different operational conditions (train types, train speeds, etc.). The

small number of parameters in the proposed models enable easy tuning and ensure

the portability across the overall S&Cs’ network despite the natural presence of

uncertainties due to e.g. geographical location and physical age of the components.

The obtained low-complexity behavioral models are scalable as they are able to

adapt to changes in the track configuration. For example, presence of an extra

component/layer in the track structure can be taken into account through increasing

the order of the proposed model by two (i.e., from 4 to 6).

Uncertainties in the estimation of the track resonance frequencies due to the

presence of uncontrollable parameters such as variation in the operational and

environmental conditions (train speed, wheel load, water content of the ballast,

temperature gradient, etc.), are incorporated by obtaining the statistical models of

the first and second track resonance frequencies based on the train-induced vibration

data. The statistical models provide a robust characterization of the infrastructure

dominant behavior, and open opportunities for long-term monitoring of the track

infrastructure components (ballast and railpad) through e.g. recursive updating of

the obtained statistical models.



Chapter 5

Conditionmonitoring of the track
infrastructure components

This chapter focuses on designing novel data-driven condition monitoring system

for continuous evaluation of the quality of the ballast and railpad components.

In order to design a condition monitoring system with a desirable performance

over a wide range of operational and environmental conditions, the chapter aims

at providing a smart diagnosis solution by focusing on the following aspects: (1)

adaptability and robustness to changes in the working conditions of the S&Cs, (2)

detection of a-priori unknown changes, (3) timely diagnosis of deterioration and

failures, (4) selection of a proper threshold which can give a desired probability of

false alarm, (5) temporal resolution and accuracy of the monitoring index.

The chapter addresses the key issues concerning the detection stage of the project.

The contents of this chapter are an overview of the results presented in Papers E

and F.

5.1 Ballast monitoring

The first step in designing the monitoring tool is to find a feature that properly

indicates the development of the deterioration process in the ballast layer over time.

According to the literature [45, 46], the deterioration process leads to a change

in the vertical stiffness provided by the ballast layer, which in turn influences the

first track resonance. To examine the suitability of the first track resonance to

reveal the degradation of the ballast layer, its statistical behavior at three locations

along the S&C is analyzed before and after the tamping event in October 2016.

A distinct change in the statistical characteristics of the first track resonance is

observed in Figs. 5.1-5.3, which explicitly indicates the occurrence of the ballast
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Figure 5.1: Statistical characteristic of the first track resonance; IC3 trains at location

A2.
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Figure 5.2: Statistical characteristic of the first track resonance; IC3 trains at location

A7.

maintenance/tamping. This suggests that estimation of the first track resonance can

be used as a feature indicating changes in the stiffness of the ballast layer in relation

to maintenance event (tamping) and deterioration processes.

Before defining the change detection problem, variations of the parameters of the

statistical models (GEV distributions) over a two-year period including TP1, TP2 and

TP3 are evaluated. Considering the probability density function of GEV distribution
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Figure 5.3: Statistical characteristic of the first track resonance; IC3 trains at location

A11.

-0.5

0

T
am

pi
ng

5

10

Sep
16

Nov
16

Sep
17
Oct1

7

Nov
17

Dec
17

Feb
18

M
ar1

8

Apr
18

M
ay

18
Ju

n1
8
Ju

l18

Aug
18
Sep

18

160

165

170

(a) Location A2

-0.4

-0.2

0

T
am

p
in

g

1

2

3

4

se
p1

6

N
ov

16

Sep
17

O
ct

17

N
ov

17

D
ec

17

Feb
18

M
ar

18

A
pr

18

m
ay

18

Ju
n1

8

Ju
l1

8

A
ug

18

se
p1

8

88

90

92

(b) Location A7

-0.6

-0.4

-0.2

6

8

10

12

T
am

p
in

g

se
p1

6

N
ov

16

Sep
17

O
ct

17

N
ov

17

D
ec

17

Feb
18

M
ar

18

A
pr

18

m
ay

18

Ju
n1

8

Ju
l1

8

A
ug

18

se
p1

8

175

180

185

(c) Location A11

Figure 5.4: Parameters of the GEV distributions obtained at locations A2, A7 and

A11.

given as,

G(x) = 1
σ

exp
[
−
(

1 + ξ
x− µ
σ

)]− 1
ξ (

1 + ξ
x− µ
σ

)−1− 1
ξ

, (5.1)

defined on the set
{
x : 1 + ξ(x− µ)/σ > 0

}
, the Maximum Likelihood Estimation

(MLE) of the location, scale and shape parameters ( µ, σ and ξ) can be calculated.

Figure 5.4 shows the parameters estimated at every two weeks during the considered

period. It can be seen that all the three parameters vary over time. However, µ

is the only parameter that exhibits a decreasing trend indicating the progressive

degradation of the ballast layer within the period. Erratic behavior of σ and ξ is

caused by different uncertainties such as variations in loading condition (due to e.g.,

wheel defects) and environmental conditions. The probabilistic mean value of the
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locations A2 (top), A7 (middle), and A11 (bottom).

GEV is given by

µprob =


µ+ σ(Γ(1−ξ)−1)

ξ , ξ < 1, ξ 6= 0
µ+ σγ ξ = 0
∞ ξ ≥ 1

, (5.2)

where γ is the Euler constant and Γ(·) is the gamma function, and it is calculated to

account for all the variations in the parameters. Figure 5.5 shows the probabilistic

mean value computed for locations A2, A7 and A11 as a function of the cumulative

load (Q). To find a model estimating the trend in degradation of the ballast layer

at different locations along the S&C within the considered period, the computed

probabilistic mean value is approximated with polynomial functions of first/second

order mathematically represented as,
A2 : fµprob(Q) = (−0.0261± 0.0051)Q2 + (0.7952± 0.2387)Q+ (165.2± 2.7000)

A7 : fµprob(Q) = (−0.0904± 0.0439)Q+ (94.49± 1.2000)

A11 : fµprob(Q) = (−0.3030± 0.0727)Q+ (187.5± 2.0000).
(5.3)
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Utilizing the polynomial functions, a ballast status indicator (BSI) is proposed,

BSI(Q) =
∆fµprob

∆Q =
fµprob(Q)− µprob(Q0)

Q−Q0
, (5.4)

where Q0 denotes the cumulative load calculated in the two-week interval right

before the tamping event. BSI can be employed as an offline tool to approxi-

mate/evaluate how fast the ballast quality degrades under traffic loading along the

S&C, and moves towards its initial status before the tamping. Figure 5.6 shows the

BSI plots, normalized with respect to maximum BSI value, for locations A2, A7 and

A11. The highest degradation rate is observed at location A2 where in August 2018

the ballast has returned to its status before the tamping and it has become further

degraded in September 2018 (negative BSI). The ballast layer in the crossing panel

area (A7) has experienced the lowest rate of degradation.

In the case that a new tamping is carried out, a new probabilistic mean value

should be computed for each location along the S&C using (5.2) in order to estimate

the effectiveness of the tamping in restoring the quality of the ballast layer. Assuming

that the degradation rate after each tamping event remains the same (i.e., the

degradation rate can still be approximated by (5.3)), the computed probabilistic

mean value can be substituted into (5.3) to calculate an equivalent cumulative load

(Qeqv). The cumulative load is then reset to the calculated Qeqv and the BSI values

are obtained overtime by using (5.4).

While the BSI is obtained based on the assumption that the model presented in

(5.3) is still valid after each tamping, validity of the model can be evaluated over

time whenever a new measurement is available. In the case that the ballast layer

along the S&C exhibits a different degradation trend, the model can be updated to

provide a more realistic picture of the ballast quality. It is worth noting that since

the BSI is an offline tool, it is not capable of detecting abrupt changes in the ballast

quality.

5.1.1 Statistical change detection

A novel online monitoring tool is designed based on the Generalized Likelihood

Ratio (GLR) test for the GEV distributed process. The GLR test is adopted since it

enables the design of a flexible monitoring tool able to address a-priori unknown

changes.

The detection problem has been formulated as a parameter test,

H0 : θ = θ0

H1 : θ 6= θ0
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Figure 5.6: Normalized BSI value for locations A2 (top), A7 (middle), and A11

(bottom)

where θ = [µ, σ, ξ]T is the vector of the GEV parameters and θ0 denotes the value of

the parameters under the hypothesis H0 (right after each tamping event), which is

assumed to be known. The GLRT detector decides H1 if

LG(x) = G(x; θ̂1,H1)
G(x;θ0,H0) > γ, (5.5)

where x is the vector of estimated first track resonance, θ̂1 is the MLE of the GEV

parameters under the hypothesis H1 and γ is the threshold calculated to obtain the

desired probability of false alarms. In order to compromise between the detection

and temporal resolution of the monitoring index, suitability of different window

sizes (two weeks, one month and three months) and overlaps are evaluated (see

Paper E). It is shown that the selection of a 3-month window size with 2-month

overlap will lead to better results in terms of both accuracy and resolution. The

detailed description of the detector design is presented in Paper E.

Figures 5.7 to 5.9 show the performance of the designed monitoring tool at

different locations along the S&C. The obtained results indicate that the monitoring

tool has detected the distinct improvement in the ballast quality resulted from the

tamping activity, as well as the gradual degradation of the ballast layer within the

two-year period after the tamping event. A higher rate of degradation has been

detected at location A2 (switch panel area) where the ballast quality has become
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Figure 5.7: Performance of the monitoring system at location A2; window size 3

months, overlap 2 months.

worse in September 2018 in comparison with its status prior to the tamping event.

Unlike the switch panel area, the deterioration of the ballast layer at the crossing

(location A7) has occurred at a low rate. The degradation progress at location A11

(13 meter after the crossing tip) is also detected by the G-GLR index. However, the

selected detection window has led to some fluctuations in the obtained results.

5.2 Condition monitoring of the in-service railpads

Unlike the first track resonance which was shown to be a relevant feature

indicating the development of the deterioration process in the ballast layer, the

second track resonance is not an appropriate quality indicator for monitoring the in-

service railpads. The reason is that the stiffness of the railpad and, consequently, the

second track resonance are not only influenced by the deterioration process (aging)

but also by other factors such as ambient temperature and preload. Therefore, it is

essential to minimize the effect of the factors different from aging and extract a new

feature which is specifically a measure of deterioration process in railpad.

One possible approach to minimize the effect of preload is to consider trains of

the same type with minimum variation in the axle load (IC3 trains). To evaluate the

effectiveness of this approach, the averaged maximum acceleration is calculated by

taking the mean over all maximum accelerations induced by bogies of each IC3 train.
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Figure 5.8: Performance of the monitoring system at location A7; window size 3

months, overlap 2 months.
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Figure 5.9: Performance of the monitoring system at location A11; window size 3

months, overlap 2 months.
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Considering batches of IC3 trains, the behavior of the distribution of the averaged

maximum acceleration is then investigated over time. It has been shown in Paper

F that the distribution varies slightly over time. This suggests that the preloading

effect would be statistically negligible if the proposed approach is adopted.

5.2.1 Temperature effect

To understand the effect of temperature, air temperature data collected within a

period of 11 months is utilized and the dynamic behavior of the in-service railpads

is analyzed over a wide range of temperature from −5°C to 30°C. Figure 5.10

shows the median and the Median Absolute Deviation (MAD) of the second track

resonance. The presented results indicate that the second track resonance decreases

with increasing the air temperature at locations A2, A7 and A11. The same behavior

has been reported in the literature [60, 65], where temperature and railpad stiffness

are shown to be inversely related by performing laboratory tests. A different behavior

is observed at location A4, where the trend has changed at 20°C.

It is worth noting that the difference in the estimated frequency range in Fig. 5.10

is due to the complex nature of the S&C (rail discontinuity in the switch blade area,

and longer sleeper length in the crossing [82]). This difference was also observed

when analyzing the data collected during the hammer test in Chapter 4. Despite

the difference in the frequency range, a similar temperature-frequency behavior is

expected at all locations. This is due to the fact that the same type of railpad has

been used along the entire S&C. The different behavior at location A4 may be caused

by a deterioration process, a defect or a malfunction in the railpad. The root cause

of this behavior has not been identified since it was not possible to disassemble the

track and visually inspect the in-service railpad.

To minimize the effect of the air temperature on the estimated frequency, a

temperature-frequency model is developed. As it can be seen in Fig. 5.10, the

estimated frequencies at locations A2 and A11 exhibit a similar range of variation. To

obtain a more accurate model, the temperature-frequency data points corresponding

to the behavior of railpads at these two locations are combined. A piecewise

linear regression model (MT ) is then fitted to the data points to enable a robust

characterization of the temperature-frequency behavior, as explained in Paper F.

Figure 5.11 shows the regression fit to the data points. Since a similar behavior is

expected also at locations A4 and A7, the temperature-frequency models describing

the temperature dependence of the second track resonance at these locations are

obtained by shifting the piecewise linear regression model along the frequency axis

(see Fig. 5.12).

Employing the obtained temperature-frequency model, a feature that indicates
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Figure 5.10: Median and MAD of the estimated second track resonance frequency

with respect to the air temperature at locations A2, A4, A7 and A11.

the health status of the in-service railpads is introduced. The feature is a residual

sequence whose elements are calculated as the difference between frequency es-

timations delivered by the statistical model (ω̂n,2) and the temperature-frequency

model (ω̂M
n,2). As an example, probability plots of the residual sequences obtained

over monthly periods are shown in Fig. 5.13 for locations A2 and A4. While no

significant change is observed in the probability plots at location A2, distinct changes

are evident at location A4. The obtained probability plots indicate that the temper-

ature effect is minimized and confirm the suitability of the residual sequence for

detecting changes in railpad properties caused by factors different from preload and

temperature.
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Figure 5.12: Piecewise linear regression model compared with the median of the

estimated second track resonance frequency with respect to the ambient temperature

at locations A4 and A7.
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Figure 5.13: Probability plot of the residual sequences obtained at locations A2 and

A4

5.2.2 Statistical change detection

It has been shown in Paper F that the GEV distribution is the best fit to the

residual sequences obtained at different locations along the S&C. The GEV-GLR test

is adopted as a change detection strategy for monitoring the in-service railpads. A

schematic overview of the designed monitoring tool is shown in Figure 5.14.

Applying the proposed change detection algorithm to the residual sequences, the

health status of the in-service railpads is monitored over a period of 18 months.

Figures 5.15 to 5.17 show the test statistics obtained at monthly periods for locations

A2, A4 and A11. The results are generated by considering a one-month window with

no overlap. The shaded area in Fig. 5.16 represents a two-month period in which

low-quality data was collected by the accelerometer mounted at location A4. This

problem was solved by re-installing the sensor at this location. The black dash-line in

these figures indicate the calculated threshold for obtaining the desired Probability

of False Alarms (PFA). In order for the monitoring tool to trigger a false alarm every

12 months (PFA = 1/12 = 0.083), the threshold is calculated as γg = 39.2 (see

Paper F). Monthly estimation of the status of the railpads and triggering a yearly

false alarm are considered to be proper choices since the infrastructure manager

replace worn railpads with new ones on a periodic basis and typically after a certain

number of years. In the case that an alarm is raised, no immediate action is needed.

The infrastructure manager can instead wait for the next outcome of the test statistic

and see if the alarm is withdrawn by the system, or it is still present and thereby a
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Figure 5.14: Proposed method for monitoring the railpad status
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Figure 5.15: Performance of the monitoring system for evaluating the railpad status

at location A2.

maintenance action is required.

The results of the current analysis indicate that the monitoring system has triggered

two false alarms at location A11 and one false alarm at location A2 within the

considered 18-month period. Since the alarms have been withdrawn by the mon-

itoring system, it is concluded that the railpads at these two locations are still in

good condition. At location A4, several alarms triggered by the monitoring system

after February 2018 indicate a change in the quality of the railpad. This result was

expected since, as shown earlier, the railpad at this location exhibits a different

temperature-frequency behavior compared to the railpads of the same type at the

other locations.

5.3 Discussion

The designed detectors can successfully monitor changes in the properties of the

ballast and railpad, owing to their capability to statistically discriminate variations

of the feature selected for each component.

The first monitoring system is capable of detecting the gradual degradation

occurring in the ballast layer over time. It can also detect any abrupt changes in the

ballast stiffness and, thereby, provide timely warning of possible failures. Currently,

the Danish track infrastructure manager relies on measurements of the longitudinal

track level collected every 100 days by using track geometry cars, in order to monitor
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Figure 5.16: Performance of the monitoring system for evaluating the railpad status

at location A4.
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Figure 5.17: Performance of the monitoring system for evaluating the railpad status

at location A11.
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the ballast quality. The choice of the inspection frequency is partly because of high

expenses associated with the measurement campaigns and partly due to relatively

slow degradation rate of the ballast layer. However, the latter can be different from

one S&C to another depending on e.g. traffic volume, environmental conditions and

the subgrade condition. Therefore, the detection window should be tuned during

the design of the monitoring tool according to the S&Cs conditions to indicate a

clear degradation trend (low uncertainty/good accuracy), while providing sufficient

temporal resolution. The choice of 3-month window size and 2-month overlap (i.e.,

detection window of one month) in this study has led to a rather monotonic trend in

the obtained monitoring index and thereby satisfies both requirements.

Although Figs. 5.7-5.9 show that the monitoring system is capable of clearly de-

tecting the gradual degradation of the ballast layer taking place at different locations

along the S&C, the obtained monitoring index by itself does not provide absolute

information about the actual quality of the ballast layer to the track infrastructure

manager. Calculation of the standard deviation of the longitudinal level based on the

measured data provided by the track geometry cars is the standard way of determin-

ing the actual quality of the ballast layer, currently in use by the track infrastructure

manager. A proper approach which can map the obtained monitoring index into

the standard quality indicator employed in practice can be a bridge to an actionable

index. The adoption of such an approach will make the designed monitoring tool

more appealing and ease its acceptance from industry.

The second monitoring system is capable of detecting changes in the status of

the railpad layer due to deterioration/malfunction. The threshold has been set to

achieve a probability of false alarm equivalent to one false alarm every 12 months

(see Figs. 5.15 to 5.17). This seems to be an appropriate choice since no inspection

is currently performed by the track infrastructure manager for monitoring the quality

of the in-service railpads. Nevertheless, a more practical approach for designing the

threshold would be to conduct laboratory tests on different types of railpads before

putting them into service. The tests can be designed in such a way that a threshold

can be obtained at different stages of development of the deterioration/wear process.

In this way, the threshold at which the railpad completely loses its elasticity and

becomes plastic/worn can be determined. The outcomes of these tests (i.e., obtained

thresholds) can then be exploited together with the designed monitoring tool to

determine the optimal time for replacing the worn railpads.

The designed condition monitoring systems are "plug-and-play" and potentially

highly portable across different S&Cs thanks to the data-driven nature of the pro-

posed method. In fact, different S&Cs in the railway network can be instrumented

by a track-side measurement system and the status of the track infrastructure com-
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ponents along the S&Cs can be monitored by exploiting the designed monitoring

tools. A major obstacle to the network-wide applicability of the monitoring sys-

tems is, however, the cost associated with e.g. instrumentation of a large number

of S&Cs, maintenance of the sensors, and providing human resources for mount-

ing/dismounting the sensors whenever a track-related maintenance takes place. One

possible way to diminish the costs is to instrument a selected number of S&Cs which

exhibit higher degradation rates due to e.g. high traffic volume.





Chapter 6

Operationalization

The condition monitoring system for ballast degradation was shown to be an

effective tool for diagnosing changes in the ballast layer status due to mainte-

nance/degradation over time. However, the result provided by this monitoring tool

is not per se an indicator of the actual quality of the ballast layer. In other words, the

monitoring index does not provide a quantitative description of the ballast condition

as it is not a measurable parameter known to the track infrastructure manager. In

order to overcome this challenge and make the monitoring results interpretable

to the track infrastructure manager, this chapter focuses on operationalizing the

diagnosis tool designed for the ballast monitoring.

As mentioned in Chapter 3, the standard deviation of the longitudinal level in the

wavelength range of 3 to 25 m, calculated based on the measurements from track

geometry cars, is currently used by the track infrastructure manager for determining

the ballast quality. Different thresholds defined for this parameter in the European

standard (EN 13848-6) are exploited to plan the tamping activities. To make the

monitoring tool actionable, one practical solution could be mapping the monitoring

index to this standard indicator used in practice.

The chapter presents an overview of the approach proposed for the operational-

ization of the condition monitoring system. The results and detailed discussions are

provided in Paper G.

6.1 Longitudinal level measurements

The track geometry data collected at Tommerup station during the 8 measure-

ment campaigns over the two-year period is exploited to evaluate changes in the

quality of the ballast layer due to the tamping and degradation. Analysis of the data

(longitudinal level in the wavelength range from 3 to 25 m) over a track length of
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Table 6.1: Limit values of σH in D1 domain (wavelength 3-25m), [80]

Speed (km/h) Track quality Class

A B C D E

120 < V ≤ 160 < 0.65 0.85 1.4 1.85 > 1.85

200 m is recommended by the European standard to determine the track quality

class. However, as discussed in Chapter 1, considering a 200 m window for ana-

lyzing the ballast quality along the S&Cs may not lead to reliable information for

maintenance decision making (see also Paper G). This is shown in Fig. 6.1 where

the track quality class over the 60 m long S&C is determined by considering three

different 200 m sections around the S&C. Different zones in this figure are defined

based on the information presented in Table 6.1. It can be seen that the analysis is

highly sensitive to the choice of the window, and may lead to either underestimation

or overestimation of the actual track quality. An approach towards providing a

more reliable estimation of the track quality would be to localize the analysis to

the neighborhood of different locations along the S&C by considering a smaller

window [53]. However, the success of this approach depends on the availability of

accurately aligned track geometry data as the position information provided by the

GNSS is inaccurate. As a part of the INTELLISWITCH project, a method for spatial

alignment of the data from track geometry car was developed at DTU COMPUTER

SCIENCE AND ENGINEERING [56]. Relying on the provided aligned data, the

standard deviation of the longitudinal level (σH) at different locations along the

S&C (A2, A7 and A11) are calculated in the present study. Figure 6.2 shows the

obtained results as a function of cumulative load. For each location, values of σH
are calculated as the standard deviation over a 10 m window around that location

averaged between right and left rails. It is seen from the figure that the tamping has

improved the ballast quality at all the locations. The results indicate that the ballast

layer has degraded at a faster rate in the switch panel area (A2) compared to the

other sections, while the lowest rate of degradation is observed in the crossing panel

area (A7).

6.2 Mapping G-GLR to σH

The designed monitoring tool based on the G-GLR can successfully determine

the health status of the ballast layer along the S&C, relative to a reference status

(ballast status right after a tamping event). However, the test statistics per se
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provide no immediate insight into the actual quality of the ballast layer. This section

aims at promoting the proposed monitoring tool to provide interpretable results

for characterizing the ballast quality. This will be carried out through mapping the

G-GLR to σH .

Since the number of good quality data collected by different accelerometers (A2,

A7 and A11) during TP1 is not the same, values of test statistics obtained at the

three locations are not comparable (see Chapter 5). In order to provide a unified

approach of mapping, the test statistics are recalculated in the current analysis by

considering the same number of data at all the locations. Figure 6.3 shows the

recalculated test statistics. The obtained test statistics are in good agreement with

the results provided by the track geometry car (Fig. 6.2), detecting the highest and

lowest rates of degradation at A2 and A7, respectively. This suggests the possibility

of finding a model which can map the output of the G-GLR test statistics to σH .

Since the G-GLR differentiates between the ballast status under hypothesis H1 and

the ballast status right after the tamping (hypothesis H0), the test statistics are

paired with the change in σH defined as,

∆σH(m) = σH(m)− σH ,AT , (6.1)

where m denotes the m-th measurement campaign and σH ,AT is the value of σH
obtained after the tamping event. Figure 6.4 indicates the set of created data points

and linear and quadratic regression models fitted to them. It is worth noting that ḡ

represents the test statistics normalized with respect to their maximum value before

tamping. The quadratic regression model has been shown to be a more appropriate

choice.

The designed monitoring tool can be exploited together with the obtained regression

model and the value of σH ,AT computed right after the tamping to estimate the

standard deviation of the longitudinal level along the S&C at monthly intervals.

Figure 6.5 shows the estimated values (σ̂H) for the considered period, and track

quality classes determined based on the information provided in Table 6.1. The

presented results demonstrate that the tamping event has improved the ballast

quality, from class B to class A at location A2 and from class C to class B at locations

A7 and A11. The ballast quality at location A2 has then degraded to a relatively

large extent from November 2016 to September 2018. The ballast has deteriorated

more significantly at location A11 within the one-year period after the tamping.

6.3 Discussion

The test statistics in combination with the obtained regression model was shown

to be an effective tool for estimating σH as a standard indicator of the ballast
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Figure 6.3: G-GLR for different locations along the turnout
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Figure 6.4: Linear and quadratic regression models fitted to the ( ∆σH , ḡ) pairs;

Legend: blue-dot A2, red-dot A7 and yellow-dot A11.

Figure 6.5: Estimated σH for locations A2, A7 and A11 and different zones defined

based on the European standard. The gray box shows the TP2 period, when the

track-side measurement system was down for repair.
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quality widely adopted in Europe. The proposed strategy enables the continuous

determination of the ballast quality over time as it provides the estimation of σH at

monthly resolution. The monthly estimation of σH allows the early detection of the

deterioration processes, and facilitates the maintenance decision making through

providing insights into the rate of development of the degradation. Although the

monthly resolution seems to be sufficient for monitoring the ballast degradation

normally occurring at a relatively low rate, the proposed diagnosis tool is flexible

to provide higher temporal resolution (i.e., more frequent estimations). This is

considered as a significant advantage, particularly in the quality assessment of

critical lines for which the track infrastructure manager frequently performs the

track geometry measurements. In some cases, track geometry cars are used every

two weeks [54] which unveils the necessity of continuous monitoring.

There are some limitations associated with the use of track geometry cars, e.g.

disruption to train traffic and the consequent delays in train operation, and high cost

associated to the measurement campaigns. To restrain the cost, the Danish railway

infrastructure manager performs the track geometry measurements at 100-days

intervals. Exploiting the proposed monitoring tool, the track infrastructure man-

ager can avoid the aforementioned limitations while obtaining sufficient temporal

resolution.

It should be noted that a limitation of the approach presented in this chapter

is its dependence on the availability of the accurately aligned track geometry data

required for reliable calculation of σH at different locations along the S&Cs.





Chapter 7

Conclusions

7.1 Conclusions

This thesis investigated the feasibility and practicality of a novel data-driven

tool for condition monitoring of switches and crossings. The monitoring tool was

designed through combining a modeling approach and a detection scheme.

In the modeling phase, a novel estimation scheme based on a combination of a

signal processing method (EMD) and a subspace model identification algorithm

(N4SID) was proposed. Exploiting the train-induced vibration data and the estima-

tion method, low-complexity behavioral models capable of predicting the dynamic

response of the track along the S&C were then identified. The validity and robust-

ness of the models were confirmed by evaluating the model capability in predicting

dominant behavior of a new set of accelerations collected during the passage of

different trains. Statistical representations of the first and second track resonance

frequencies were obtained by considering different batches of trains (IC3, freight

and IR4). The results of the present study indicate that the GEV distribution is the

best fit for characterizing the statistical properties of the track resonances. Moreover,

values of the first and second track resonance frequencies extracted by analyzing

hammer test measurements fall within two standard deviation from the mean value

of the GEV distributions. It was also demonstrated that the analysis of the measured

accelerations induced by high-speed trains with lowest axle load and minimum vari-

ation in the axle load leads to a better characterization of the statistical properties

of the track resonances over time. Based on the obtained results and provided dis-

cussions, it can be concluded that the developed low-complexity behavioral models

are suitable for the purpose of condition monitoring as they encompass desirable

features such as robustness, predictiveness, portability and scalability.
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In the detection phase, the challenge of continuous monitoring of the hidden

elements of the track infrastructure (i.e., ballast and railpad) was addressed through

designing two detectors capable of early detection of the deterioration process. For

this purpose, features highlighting temporal changes in the ballast and railpads

properties due to deterioration or defects were extracted. The first feature indi-

cating the ballast quality was obtained based on recursive estimation of the first

track resonance frequency over monthly intervals. To overcome the difficulty of

distinguishing changes in the railpad properties caused by deterioration/defects

from those related to temperature variations, a piecewise-linear regression model

characterizing the temperature dependence of the second track resonance frequency

was obtained. The second feature was then defined as a residual sequence extracted

based on the recursive estimation of the second track resonance and the obtained

temperature-frequency model. The residual sequence was shown to be a measure

of deterioration- or defect-related changes in the railpad properties. A generalized

likelihood ratio test (GLRT) based on the GEV distribution was designed to detect

changes in quality of the ballast and railpad layers. The performance of the designed

monitoring system was verified by considering full scale measurements collected

over a period of 2.5 years. The results of the analysis demonstrated the clear ability

of the designed detection system for monitoring degradation process in the ballast

layer and quality of the in-service railpads at different locations along the S&C. The

data-driven nature of the condition monitoring system increases its portability across

different S&Cs in railway network.

The last phase of this project was dedicated to the operationalization of the detection

tool provided for the ballast monitoring to facilitate maintenance decision making.

For this purpose, a quadratic regression model mapping the results of the monitoring

tool to an indicator recommended by the European standard (EN 13848-6) was

developed to determine the ballast quality. When combined with the obtained model,

the proposed monitoring system can become an operational tool which continuously

characterizes the quality of the ballast in accordance with the standard classification

currently in use in Europe. This confirms the potentiality of the integrated monitor-

ing system as an effective tool for proactive condition-based maintenance.

7.2 Future research

While the research carried out in this thesis has contributed significantly to the

field of condition monitoring of the track infrastructure, there are still some areas of

interest for future research.
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It would be of great interest to instrument different S&Cs with different traffic

volumes and employ the proposed monitoring tool to compare their degradation

processes and to investigate how their performance is influenced by operational and

environmental factors.

Investigation of the possibility of adapting the proposed method for the subgrade

condition assessment can also be considered as a potential subject of interest. This

would particularly be appealing for areas with soil-related problems such as excessive

water content, mud pumping etc.

Another interesting field of research would be to test the performance of the

proposed monitoring method at other critical/vulnerable track sections such as

transition zones where the wheel-track interaction forces are significantly amplified.

While the method proposed in this thesis is potentially highly portable, a restric-

tion on its wide applicability across the overall S&Cs network is the cost associated

with instrumenting a high number of S&Cs with the track-side measurement system.

An alternative cost-effective solution would be the use of a measurement system

installed on-board in-service trains. However, the estimation scheme may require

some modifications in order to distinguish between the train and track dynamics.

This could be the subject of a future research study.
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Abstract:

Maintenance of railway infrastructures represents a major cost driver for any

infrastructure manager since reliability and dependability must be guaranteed at all

times. Implementation of predictive maintenance policies relies on the availability

of condition monitoring systems able to assess the infrastructure health state. The

core of any condition monitoring system is the a-priori knowledge about the process

to be monitored, in the form of either mathematical models of different complexity

or signal features characterizing the healthy/faulty behavior. This study investigates

the identification of a low-complexity behavioral model of a railway turnout capable

of capturing the dominant dynamics due to the ballast and railpad components.

Measured rail accelerations, acquired through a receptance test carried out on the

switch panel of a turnout of the Danish railway network, have been utilized together

with the Eigensystem Realization Algorithm – a type of subspace identification – to

identify a fourth order model of the infrastructure. The robustness and predictive

capability of the low-complexity behavioral model to reproduce track responses

under different types of train excitations have been successfully validated. It is
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anticipated that the identified model will be instrumental for the development of

methods for diagnosis and prognosis of faults and degradation process in switches

and crossings.
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A.1 Introduction

Railway networks heavily rely on the dependability of infrastructure components

to safely control the train traffic and optimize the network capacity. Therefore

the reliability of track components must be guaranteed at all times. aThis clearly

makes railway infrastructure components a major cost driver of maintenance and

renewal actions for all railway infrastructure managers [3]. Figure A.1 shows the

maintenance cost in European countries with track utilization (total train kilometers

divided by track kilometers) similar to Denmark. The reported data were selected

from [2, 3] following the clustering proposed in [4], where countries are grouped

according to socioeconomic and railway infrastructure parameters. A large amount

of this expenditure is assigned to maintenance and renewal actions of switches

and crossings (S&Cs). Banedanmark, the Danish railway infrastructure manager,

estimates that each year one third of the total track maintenance cost is spent on

turnouts. S&Cs are complex elements whose failure weighs heavily on transport

safety, as reported in the RSSB Annual Safety Performance Report [11, Section 8.5]

where 31% of the track-related derailments are due to S&Cs malfunctioning in the

period 2009–2014 in Great Britain. Failure data recorded in the UK in 2009 [12,

Chapter 7] showed that ballast degradation is the third most important component

affecting the turnouts performance with a failing frequency of 7.9%3.

As railway is expected to play a key role for the future development of sustainable

3The first two components affecting turnout performance are the switch rail (45.3%) and the slide
chair (30.4%).



74
Paper A. Low-complexity Behavioral Model for Predictive Maintenance of Railway

Turnouts

transport in Europe, it is essential to keep improving safety while reducing cost.

There is a growing interest in changing maintenance policies from reactive or periodic

to predictive; this occurs in connection with the widespread digitalization of the

infrastructure that gives the operators access to information and field data previously

unavailable. Predictive maintenance relies on methods and algorithms that, based

on measured data and a-priori knowledge, can forecast with low uncertainty the

remaining useful lifetime of components and systems. Condition monitoring (CM)

systems, capable to provide early warnings of the development of deterioration

processes and the inception of faults, become then a valuable asset to reduce

maintenance cost and ensure the efficient utilization of the railway infrastructure.

A.1.1 State of the art

Operational experience and research studies point out that a key element affect-

ing the infrastructure performance is the track stiffness, which to greater extent is

attributed to the ballast and subballast layers. Monitoring of these track components

is challenging since degradation processes affecting their elastic behavior are hard

to assess through non destructive measurement methods. In literature several ap-

proaches to monitoring of track stiffness for the open track were proposed; these

methods are categorized as direct and indirect.
Direct approaches include the scanning of the subsurface through the ground

penetrating radar (GPR) [35, 36, 37]; the assessment of the bearing capacity of the

soil through the cone penetration test4 (CPT) [38]; the visual inspection of track

condition at surface level [39, 40, 41]. Although these techniques may support

infrastructure managers to schedule and perform maintenance tasks, they have some

significant limitations. The GPR method presents difficulties in properly locating

the ballast damage due to challenges in selecting a suitable frequency range for

the electromagnetic waves. The CPT method is a destructive and time consuming

test that affects train operations. Last, the visual inspection is only effective in

detecting damage when it has already surfaced. Indirect techniques rely on the

“smart processing” of measured quantities gathered on the railway superstructure

(track and sleepers) by non destructive methods. Hosseingholian et al. [44] proposed

the use of a vibrating rolling wheel to excite the track and compute its stiffness

based on measured wheel accelerations. Berggren et al. [83] used two independent

measurements of longitudinal track level acquired through a track recording car to

estimate and monitor track displacement and stiffness due to train loading.

4In geotechnical engineering the bearing capacity of the soil is the ability of the soil to withstand loads
applied to the ground. The cone penetration test uses mechanical measurements of total penetration
resistance to pushing a tool with a conical tip into soil.
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Recently, model-based approaches to ballast damage detection have been pro-

posed by Lam et al. [45, 46], where the rail-sleeper-ballast system was modeled

as Timoshenko beam on an elastic foundation and changes in the ballast stiffness

were monitored through a model update procedure. In [45] a feasibility study

was performed using both simulated and experimental data; whereas the estimate

of the ballast stiffness was robustified in [46] by casting the model update in the

Bayesian framework to account for model uncertainty. The author also proposed

Bayesian approach based on Monte Carlo method to identify the stiffness of the

railway ballast. The results were validated utilizing the measured acceleration in a

field test [47]. Although some attempts have been made for condition monitoring

of ballast stiffness using model-based techniques, the proposed mechanical models

have a large dimensionality resulting in a high complexity of the diagnostic method.

Low-complexity data-based behavioral models may be preferred to high-fidelity

mechanical models since they enable portability of results across the entire railway

network despite natural presence of uncertainties due to e.g. geographical location

and physical age of the components.

A.1.2 Main contribution

This work focuses on the generation of a low-complexity behavioral model of the

track dominant dynamics by means of subspace identification techniques. Full-scale

acceleration data, collected during a receptance test carried out on the switch panel

of a turnout of the Danish railway network, are utilized for model identification.

The obtained model properly captures the dynamic behavior of the infrastructure in

the frequency range [0, 1000] Hz. In particular, the resonant peaks corresponding to

the ballast layer and the railpad are correctly identified providing the model with

good predictive capabilities. These are tested by validating the model on full-scale

acceleration data recorded during a train passage.

All measured data presented in the paper are anonymized to comply with the

policy of the Danish railway infrastructure manager.

A.2 Experimental Campaign

In this section, the receptance test campaign performed at one of the switches and

crossings belonging to the Danish railway network is described. The receptance test

is commonly used for railway tracks to characterize the main dynamic properties of

the different track components. Through this, it is possible to determine the health

state of a particular railway turnout by means of the assessment of its dynamic

response to impact excitation. Data coming from the aforementioned test is used
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in this study to identify a low-complexity behavioral model, which is anticipated

to be a key element for the development of a condition monitoring system for the

predictive maintenance of S&Cs.

The receptance test consists in the excitation of the railway track by impacting

the top of the rail with an instrumented impact hammer and the measurement of the

response by using accelerometers, typically placed on the rail head. Measured forces

and accelerations are then combined and analyzed, in the frequency domain, to

identify the main resonant and antiresonant frequencies of the track. The informative

level of the measured acceleration is assessed by means of the coherence function,

which allows to determine the frequency ranges where the receptance data are

significant.

The analysis of the receptance function – also known as dynamic flexibility

or mobility [84] – is a non-destructive methodology that gives insight into the

dynamic properties of the track by pinpointing the main resonant frequencies [23,

24]. Furthermore, the data gathered during the experimental receptance campaigns

can be used to calibrate sophisticated numerical models of the track by setting up

the stiffness and damping values of the different components that are part of the

track [25, 26]. Results from receptance test can be also used to detect defects on

the rail surface [33] or to analyze the effect of substructure changes in the lower

frequency content of the receptance curve [85].

A.2.1 Receptance test at Tommerup station’s turnout

The receptance test was carried out using a large sledge impulse hammer (Model

nr: 086D50 PCB Piezometrics, range: ±22.240 N, sensitivity: 0.2083 mV/N, mass:

5.5 kg, hard tip). The location of the impact along the switch and crossing is

coincident with point A1, just before the switch panel, as illustrated in Fig. A.2.

The rail was impacted right above the sleeper such that the main vibration modes

of the track could be properly excited. To verify the measured acceleration two

different accelerometers were utilized for the receptance test, both located near the

impact point. The first is a 2-axis accelerometer (KISTLER 8702B500, range:±500 g,

sensitivity:10 ±0.05 mV/g , weight: 8.2 grams) magnetically attached to the rail

web; whereas the second is a single axis accelerometer (Type: 4339 Brül & Kjær,

range: ±50 g, sensitivity: 10.02 mV/g, weight: 12.7 grams) located on the top of the

rail and used for verification purposes (see Fig. A.3b). A set of measurements was

carried out considering a minimum of 5 impacts. The sampling frequency used to

log both force and acceleration was set to 20 kHz. An example of input-output data

gathered during a single receptance test is shown in Fig. A.4, where the acceleration

is measured atop the rail.
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Figure A.2: Layout of the sensors location along the turnout at Tommerup station.

The data utilized in this work refer to accelerations measured by accelerometers A1

and A4 on the straight track.

Combining the input force F and the output acceleration a it is possible to

determine the coherence function, which evaluates in the frequency domain how

well the measured acceleration corresponds to the applied force. The coherence

function is given by

CFa(ω) = | GFa(ω)2 |
GFF (ω)Gaa(ω) (A.1)

where Gaa(ω) is the auto power spectrum of the acceleration, GFF (ω) is the auto

power spectrum of the force and GFa (ω) is the cross power spectrum between

the force and the acceleration [84]. The coherence function always satisfies the

constraint 0 ≤ CFa(ω) ≤ 1. It is common practice to threshold the coherence

function to determine the frequency ranges where the input-output relation is “well

defined”; however the threshold value is application dependent. According to

Oostermeijer and Kok [86] coherence between 0.85 and 1 indicates that results

coming from a hammer test are reliable; whereas Arlaud et al. [85] rejected results

when the coherence dropped below 0.9. A threshold of 0.9 is here chosen to indicate

a low quality of the results due to external nuisance factors that may have affected

the measurement campaign.

To reduce the influence of uncontrollable nuisance factors possibly affecting the

outcome of the experimental data, as e.g. the natural differences in the magnitude

and width of the impacts5, the averaged coherence function CFa(ω) is computed as,

Cavg
Fa (ω) = | Gavg

Fa (ω) |2

Gavg
FF (ω)Gavg

aa (ω) , 0 < Cavg
Fa (ω) < 1 (A.2)

Figure A.5 shows the coherence function with the 95% confidence interval. From its

analysis it can be concluded that across all experiments there is a clear input-output
5The impact hammer is manually operated as shown in Fig. A.3b; hence despite all efforts it is not

possible to ensure the exact repeatability of the test.
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(a) Overview of the turnout in proximity of Tommerup station

(b) Setup for the receptance test including hammer and accelerometers

Figure A.3: Pictures from the receptance test carried out in February 2017 nearby

Tommerup station (Fyn - Denmark).
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Figure A.4: Outcome of the receptance test: (top) measured acceleration on the rail

head; (bottom) measured impact force.

relation up to 1 kHz. Therefore, the following model identification procedure should

consider information content of the measured acceleration only within the frequency

range [0, 1000] Hz.

By means of Gaa(ω) and GFa(ω) an estimator of the frequency response function

is computed

H2,a(ω) = Gaa(ω)
GFa(ω) , (A.3)

which, in turn, is used to obtain the displacement frequency response function

H2,d(ω) = H2,a(ω)
−ω2 . (A.4)

H2,d(ω) is a good indicator for detecting presence of resonant frequencies [84]. By

analyzing its magnitude and phase in the frequency range [0, 1000] Hz (Fig. A.5) two

significant peaks are distinguished. The first peak detected around 200 Hz may be

linked to the full track resonant mode shape. Dahlberg [77] locates this frequency in

the range of [50, 300] Hz, whereas Choi [87] detects this resonant frequency within

the interval [40, 400] Hz. The second resonant frequency of interest can be detected

around 600 Hz and it may correspond to the mode shape in which the rail bounces

on the railpads. This matches the results by Dahlberg [77] that locate this frequency

in the range [200, 600] Hz and [87], where it is stated that in frequency intervals

above 400 Hz the railpad behavior is dominant.
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Figure A.5: Analysis of receptance data: (top) input-output coherence, (mid) magni-

tude of H2,d, (bottom) phase of H2,d.

Notwithstanding, a third peak located between the two aforementioned resonant

frequencies can be observed in Fig. A.5 (mid plot), around 400 Hz. In the literature

there are indications that this frequency may correspond to an additional vibration

mode caused by intermediate elements located between the ballast layer and the rail-

pad, as it is the case of the elastic baseplate. This element, belonging to the fastening

system, is not within the scope of the present work and therefore its characteristic

frequency is conveniently omitted in the following sections. Summarizing, from the

frequency analysis of the receptance test results it can be concluded that: [0, 1000] Hz
is the frequency range where measured accelerations data can be utilized reliably;

there are two resonant frequencies associated to the ballast layer and the railpads

around 200 Hz and 600 Hz, respectively.

A.3 Subspace Identification

The track vertical acceleration measured during the receptance test is the free

impulse response of the track and as such it contains information about the natural

eigenmodes of the system. Receptance tests are seldom performed by infrastructure

managers due to cost and potential disruption of service; hence S&Cs’ motion data

are generally available in connection with train passages. However, in this case

no information about the exciting force is accessible since the load exerted by the
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train wheel sets is unknown. This suggests that the measured acceleration should

be rather considered as the zero-input output response of the track, where the

initial condition coincides with the magnitude of the response induced at the time of

impact.

Consider the linear time-invariant discrete time system

xi+1 = Axi + bui (A.5)

yi = cxi (A.6)

where xi ∈ Rn, ui ∈ R and yi ∈ R are the state vector, the input and output at time

i ∈ N. The matrices A, b and c are of opportune dimensions related to the former

vectors. Said x0 the system’s initial condition, the zero-input output response and

the free pulse response are given by

yi = cAix0 (A.7)

yi = cAi−1b (A.8)

i.e. at each time step the system output is given by a linear combination of the system

eigenmodes. This implies that by exploiting the measured outputs it is possible to

reconstruct a minimal realization of the system (Â, b̂, ĉ) that is equivalent to the

true realization (A,b, c) through a similarity transformation.

In this work the Eigensystem Realization Algorithm (ERA) proposed by Juang

and Pappa [88] is adopted to identify a low-complexity behavioral model of the

track based on measured vertical accelerations. The ERA is a system identification

technique that is largely adopted in civil engineering, in particular for structural

health monitoring purposes. The method was applied for the system identification

of e.g. aerospace structures [89] and civil structures [81].

In structural engineering ERA is used to identify natural frequencies, mode

shapes and damping ratios. The ERA is commonly used in conjunction with the

natural excitation technique to identify modal parameters from ambient vibration.

The technique has been applied to buildings, bridges, and other types of structural

systems. In the area of structural health monitoring ERA and other modal identifica-

tion techniques play an important role in developing a model for structures from

experimental data. The state space representation or the modal parameters are used

for further analysis and to identify possible deterioration in structures.

A.3.1 Overview of ERA method

The following review of the Eigensystem Realization Algorithm is based on

the original formulation by Juang and Pappa [88]. It is worth noting that the
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identification methodology does not change if the zero-input output response is used

instead of the free pulse response, since in the former case the b vector represent

the information of the initial condition x0 (compare Eq. (A.7) with Eq. (A.8)).

Given the free pulse response in Eq. (A.8) the Hankel matrix H0 and the shifted

Hankel matrix H1 of the Markov parameters are constructed as follows [88]

H0 =


y1 y2 . . . yn

y2 y3 . . . yn+1
...

...
. . .

...

yn yn+1 . . . y2n−1



=


cb cAb . . . cAn−1b

cAb cA2b . . . cAnb
...

...
. . .

...

cAn−1b cAnb . . . cA2n−2b

 (A.9)

H1 =


y2 y3 . . . yn+1

y3 y4 . . . yn+2
...

...
. . .

...

yn+1 yn+2 . . . y2n

 (A.10)

where the dimension of the Hankel matrices is n×n. The matrix H0 can be rewritten

as

H0 =


c

cA
...

cAn−1


[
b Ab . . . An−1b

]
= ΦoΦc, (A.11)

where Φo and Φc are the observability and controllability matrices, which can be

obtained through the Singular Value Decomposition (SVD) of H0

H0 = UΣ2VT = (UΣ)(ΣVT ) = PQ. (A.12)

Noteworthy that this decomposition is not unique.

Using Eq. (A.11) into Eq. (A.10) the shifted Hankel matrix is rewritten as

H1 = ΦoAΦc (A.13)

from which the system matrix A can be computed

A = Φ−1
o H1Φ−1

c . (A.14)
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The inverse of the controllability and observability matrices is guaranteed to exist

because they are square matrices by construction and full rank due to the minimality

of the realization of the system.

Since P and Q ar equivalent to Φo and Φc by a similarity transformation then

an estimate of the system matrix A is obtained as

Â = P−1H1Q−1. (A.15)

Estimates of the input and output vectors b and c are then obtained by taking the

first column of the matrix Q and the first row of the matrix P.

Given the identified system realization (Â, b̂, ĉ) the modal properties of the

system in terms of natural frequencies and damping ratios can be computed by

wnk = | ln(λk(Â)) |
2πTs

(A.16)

ζk = −Re(ln(λk(Â))/Ts)
| ln(λk(Â)) |/Ts

(A.17)

where Ts is the sampling time and λk(Â) is k-th eigenvalue of the matrix Â. Further,

by using the identified model the system output is estimated as [90]

Y = Px̂. (A.18)

A.4 Low-complexity Behavioral Model

By applying the ERA identification method to the measured track vertical ac-

celeration data gathered during the receptance test a low-complexity behavioral

model of the turnout’s dominant dynamics is now developed. The analysis of the

coherence function Cavg
Fa (ω) addressed [0 , 1000] Hz as the frequency range where the

acceleration is clearly related to the impact force; hence the measured acceleration

is pre-filtered using a low-pass filter with cut-off frequency of 2 kHz.

Track responses to a single hammer excitation chosen from all the receptance

tests are merged and considered as an identification data set (see Fig. A.6).

Figure A.7 shows the estimated auto power spectrum Gaa of the vertical accel-

eration and its 95% confidence interval. To account for possible variations across

the different tests, Gaa is computed as the average over all the auto power spectra

associated with each hammer impact. The 95% confidence interval is obtained using

a chi-squared approach. When the spectrum is plotted on a logarithmic scale, the

(1 − α) × 100 percent confidence interval is constant at every frequency and it is
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Figure A.6: The selected identification data set.

given by [91, Chapter 5](
10 ln(Gaa(ejω))− 10 ln χ

2
ν(1− α/2)

ν
, 10 ln(Gaa(ejω)) + 10 ln ν

χ2
ν(α/2)

)
where Gaa is the estimate of the auto power spectrum and

ν = 2N∑L
l=−(L−1) ω

2
a(l)

is the degree of freedom of a χ2
ν distribution. N , L and ωa are the number of

observations, window size and correlation window, respectively.

The auto power spectrum Gaa has three significant peaks. Among these, two

are located around frequencies lower than 1000 Hz, where the coherence function

CFa confirmed the validity of the receptance test. Consequently, the low-complexity

behavioral model should be of fourth order in agreement with the two resonance

peaks. In other words, the power spectrum analysis shows that the model to be

identified should have one resonance frequency below 200 Hz and another resonance

frequency between 200 Hz and 1000 Hz.

As can be seen in Fig. A.7, the amplitude of the second resonance peak is

significantly larger than the amplitude of the first. Due to this disparity in power

levels, to prevent the possible erroneous estimate of the dynamics associate with

the low frequency peak, the identification data set is divided in two employing

a low-pass and high-pass filter with the cut-off and cut-in frequencies of 200 Hz.
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Figure A.7: Estimate of the acceleration power spectrum based on the average of all

measured responses.

Consequently, low (10 - 200 Hz) and high (200 - 1000 Hz) frequency models are

identified and their parameters are

Ml :


Âl =

[
0.9701± 0.0018 −0.05308± 0.0007
0.05308± 0.0007 1.0031± 0.009

]
Ĉl =

[
−0.7995± 0.0062 −0.0208± 0.0002

] (A.19)

Mh :


Âh =

[
0.9342± 0.0298 0.1759± 0.0049
−0.1759± 0.0049 1.0210± 0.025

]
Ĉh =

[
−1.9931± 0.007 −0.1689± 0.005

] (A.20)

The two models are then combined in order to provide the final identified model

describing the dominant behavior of the vertical track dynamics

M :


Â =

[
Âl 0

0 Âh

]
Ĉ =

[
Ĉl Ĉh

] . (A.21)

Using Eq. (A.16) and considering the model uncertainty the resonance frequen-

cies of the identified model are estimated to be 167.59± 9.11 Hz and 549.96± 23.20
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Hz. Table A.1 reports the identified model characteristics: ζ and ωn are the damping

factor and natural frequency associated with the identified eigenmodes.

Table A.1: Identified models characteristics.

Model λ [−] ωn [Hz] ζ [−]

Ml 0.988 ± 0.0509i 167.59 0.201

Mh 0.978 ± 0.1704i 549.96 0.044

A.5 Model Validation

The predictive capability and the robustness of the identified model is validated

on additional data collected during the receptance test as well as on measured

accelerations logged during train passages. The model performance is evaluated

through the fitting score in percentage calculated as

fit = 100× 1−‖a− â‖
‖a− ā‖

(A.22)

where a is the measured acceleration, â is the estimated acceleration and ā is the

mean value of the measured acceleration.

Figure A.8 illustrates the model validation against additional receptance test

measurements both in the time and frequency domains. Each impact in the validation

data set is treated individually as zero-input output response; therefore the initial

condition x0,j is also estimated, where j is the impact index. The auto power

spectrum Ĝaa of the model output is computed as an average of the power spectra

associated with each estimated impact response.

It is evident that the identified low-complexity behavioral model well predicts

the behavior of the measured acceleration in correspondence of the two resonant

peaks. The predicted output â fits the validation data set with a fitting score of 75%.

To assess the robustness of the model, its predicting capability is tested on

measured vertical accelerations in response to a train excitation recorded at the

turnout position A4 (see Fig. A.2). Data recorded during 10 train passages differing

for train type, traveling speed and loading condition have been considered, and the

fitting scores achieved in each case are listed in Table A.2. The comparison between
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Figure A.8: Validation data compared with the identified model and the correspond-

ing frequency responses with 95% of confidence interval.

predicted output and measured acceleration for an additional data set is shown in

Fig. A.9 and the fitting score is 67%.

Based on the obtained results it is concluded that the identified low-complexity

behavioral model can appropriately predict the dominant behavior of the track

response around the matched resonance frequencies and it is robust to different

types of excitations.

A.5.1 Discussion

To analyze the dynamic interaction between the train and track, two different

types of modeling approaches are commonly used. The first is the finite element

method (FEM), which is suitable when an in-depth theoretical knowledge of the

track components is required. Conversely, if a better understanding of the train-

track interfaces is desired then multibody simulation softwares (MBS) represent

a more convenient solution due to their lower computational time. MBS thus

represents a suitable methodology to assess dynamic interactions, especially in track

sections with a high degree of geometrical complexity such as switches and crossings.
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Table A.2: Validation result for 10 train passages.

Train type Speed interval [km/h] Fitting score [%]

IR4 [110, 120] 56.48

IC4 [140, 150] 70.45

IC3 [110, 120] 59.87

IR4 [50, 60] 65.42

IC4 [50, 60] 63.58

IC3 [50, 60] 52.35

IR4 [150, 160] 51.50

IC4 [150, 160] 72.53

IC3 [150, 160] 55.68

IC3-IC2 [150, 160] 61.24

Nevertheless, the amount of time and parameters required by MBS to carry out

the preprocessing of the numerical model, including its calibration and validation,

hinders its portability across the whole railway network and, hence, the use of

MBS models as part of condition monitoring systems. The strength of the proposed

low-complexity behavioral model is the ability to be accurate despite its simple

structure. This is possible thanks to the blending of a model structure rooted into the

dynamical behavior of the infrastructure with measured data through the adopted

subspace identification method.

The identification of the 4-th order model representing the vertical track dynam-

ics opens opportunities for the development of a condition monitoring system to

supervise the occurrence of degradation processes affecting the ballast layer and the

railpads. Long-term monitoring of the model natural frequencies and damping ratios

through e.g. recursive estimation of the model parameters could provide valuable
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Figure A.9: Comparison of the measured and identified accelerations; IC4 train, 110

km/h (a) The whole train passage, (b) Zoom in on a two-wheel set passage.

insight on how the ballast layer deteriorates over time.

The obtained model is based on data from receptance test, which are seldom

performed by infrastructure managers due to their cost in terms of time and money.

Hence, to achieve true portability of the proposed model, a natural extension of

this work is to use only measured accelerations due to train passages to identify the

vertical track dynamics.

A.6 Conclusion

The paper contributes to the identification of a low-complexity behavioral model

of the vertical track dynamics in correspondence of the switch panel of a railway

turnout. The behavioral model was obtained by utilizing measured track accel-

erations collected during a receptance test in conjunction with the Eigensystem

Realization Algorithm.

Analysis of the coherence function between the impact force and the measured

acceleration addressed that the collected data are reliably informative about the
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dominant dynamics of the turnout up to 1 kHz. Therefore the bandwidth of the

identified model has been limited to this value. A 4-th order model with two

resonance frequencies has been consistently identified. The estimated resonance

frequencies ωn,1 = 167.59 Hz and ωn,2 = 549.96 Hz are attributed to the ballast layer

and the railpad. These values are in line with the state-of-the-art know-how for such

type of structures.

The model was successfully validated on measured accelerations collected during

normal train passages; this demonstrated the robustness and predictive capability of

the low-complexity behavioral model.
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Abstract:

The dependability of the railway infrastructure is paramount for infrastructure

managers to guarantee passenger safety and network capacity. The availability of

condition monitoring systems to supervise the development of degradation process

and the occurrence of faults is key for timely scheduling of proper maintenance

actions. Monitoring systems rely on the availability of a-priori knowledge about

the asset to be supervised, which comes in the form of mathematical models or

signal features characterizing the healthy condition. This study introduces a low-

complexity behavioural model to describe the dynamic response of railway turnouts

due to the ballast and railpad components. The behavioural model should serve

as the basis for the future development of a supervisory system for the continuous

monitoring of turnouts. A fourth order linear model is proposed based on spectral

analysis of measured rail vertical accelerations gathered during a receptance test

and it is then identified at several sections of the turnout applying the Eigensystem
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Realization Algorithm. The predictviness and robustness of the behavioural models

have been assessed on a large data set of train passages differing for train type, speed

and loading condition. Last, the need for a novel modeling method is argued in

relation to high-fidelity mechanistic models widely used in the railway engineering

community.
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Figure B.1: Railway maintenance cost for European countries with track utilization

similar to Denmark. Track utilization is defined as the ratio between the total train

kilometers and the track kilometers. Data refers to year 2012 and have been selected

from [2, 3] following the clustering proposed in [4], where countries are classified

according to socioeconomic and railway infrastructure parameters.

B.1 Introduction

Railway infrastructure managers daily face the challenge of securing and yet

improving the network capacity while reducing the operational cost under the non-

negotiable constraint of passenger safety. Trading-off between these contrasting

needs has usually led to the adoption of preventive maintenance policies that, in

turn, significantly contributed to the overall OPEX of the infrastructure. Figure B.1

illustrates the maintenance expenditure in different European countries with a sim-

ilar track utilization as Denmark. Maintenance and renewal actions of switches

and crossings (S&Cs) accounts for a large share of the total maintenance cost due

their inherent geometrical and mechanical complexity, and their heavy influence

on transport safety [11, Section 8.5]. In particular, failure data recorded in the UK

in 2009 [12, Chapter 7] addressed ballast degradation as the third most important

component affecting the turnouts performance with a failing frequency of 7.9%.

If maintenance cost is to be reduced, then focus should be placed on monitoring

of railway turnouts whose performance directly impact both network capacity and

passenger safety. The advent of digitalization brings about new opportunities for

railway network operators, whom now see the possibility of accessing information

and field data previously unavailable. Ubiquitous sensing, distributed data collection

and almost unlimited data storage enable a much deeper analysis of the infrastruc-

ture characteristics and the design of systems for continuous monitoring. These
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vectors are paving the way towards the transition from periodic/reactive to predic-

tive maintenance. Condition monitoring of the hidden parts of S&Cs is the clear

challenge and adoption of nondestructive methods appears the natural preferred

way for infrastructure managers. Further, due to the intrinsic (e.g. curvature radius,

type of sleepers, presence of under sleeper pads, etc.) and extrinsic variability (type

of soil, distribution of the loading between straight and diverging track, travelling

speed of the trains, etc.) present across a nation-wide infrastructure, the sought

condition monitoring systems (CMSs) ought to be robust towards these changes,

portable from site to site and scalable across increasing monitoring needs (e.g. from

monitoring only the ballast to monitoring also the railpad and the rail). Paramount

for the proper operation of CMSs is the a-priori know-how about the infrastructure

to be monitored. This knowledge can be provided or learned in two main ways:

mathematical models of different complexity and signal features characterizing the

state of the system. This paper proposes a novel method to the modeling of railway

turnouts that produces so-called low-complexity behavioural models by exploiting

receptance test data. By design these models are particularly suitable for use in

condition monitoring systems because they encompass the requested properties of

predictiveness, robustness, portability and scalability.

B.1.1 Literature review

This literature review analyzes current methods for condition monitoring of the

ballast layer in railway networks, discussing their advantages and disadvantages, and

identifying the technological gap where the paper has the ambition to contribute. In

general, the different techniques employed for condition monitoring of the railway

infrastructure can be divided into two categories: direct and indirect methods.

Using direct methods, the characteristics of the substructure are evaluated through

explicit measurement of the quantities of interest. Among them, those most widely

adopted by infrastructure managers are the ground penetrating radar (GPR) [35,

36, 37], the cone penetration test (CPT) [38] and visual inspection of the track

at the superstructure level [39, 40, 41]. Although the direct techniques may help

infrastructure managers to schedule and perform maintenance tasks more effectively,

they suffer from significant drawbacks. Difficulties in properly locating the ballast

damage as well as selecting a suitable frequency range for the electromagnetic waves

are known as essential restrictions of GPR. CPT is a destructive method, which

may require track possession with consequent partial or complete interruption of

normal train traffic. Last, the visual inspection is only useful for detection of surface

damages. Indirect methods are non-destructive and rely on smart processing of

quantities measured at the railway superstructure level (rail and sleepers). Indirect
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monitoring of railway infrastructure by means of measurement vehicles continuously

moving along the railway track has been carried out in the past. Calculation of

track stiffness, as an index of railway track quality, has been addressed in few

research papers: Hosseingholian et al. [44] used a vibrating rolling wheel to excite

the track and obtain the track stiffness through processing of the measured wheel

acceleration; Berggren et al. [83] used a track recording car to perform independent

measurements of longitudinal track level and estimate the displacement and stiffness

of the track under the wheel load. In recent years a growing interest has emerged in

developing model-based techniques, which are based on the availability of a model

capable of predicting the track dynamic behavior. Different model-based techniques

for ballast damage detection have been proposed. The feasibility of ballast damage

detection by employing a vibration-based method based on the combination of a

Timoshenko beam model and a model updating technique was studied in [45].

Changes in vibration characteristics (resonance frequencies and mode shapes) of

the rail-sleeper-ballast model caused by reduction of sleeper support stiffness were

examined and the location of the ballast damage was detected by applying an

inverse method based on a time-domain model updating strategy. The suitability

and robustness of the proposed framework were further investigated in Lam et al.

[46] by using a statistical description of the model unknown parameters and using a

Bayesian updating technique, which explicitly accounts for model uncertainty. This

work extended further in [47] by adopting a Markov Chain Monte Carlo (MCMC)-

based Bayesian model updating strategy to investigate the possibility of ballast

damage detection for a system with high level of uncertainty. Results were validated

using acceleration data measured in a field-test. Experimental characterization

of the dynamic behaviour of the different track components can be achieved by

performing a non-destructive impact test, also known as receptance test. The

analysis of the receptance function gives insight into the dynamic properties of the

track by pinpointing the main resonant frequencies [23, 24]. Furthermore, the

data gathered during the receptance test can be used to calibrate sophisticated

numerical models of the track by setting up the stiffness and damping values of

the different components [25, 26]. Results from receptance test can also be used

to detect defects on the rail surface [33] or to analyze the effect of substructure

changes in the lower frequency content of the receptance function [85]. Regarding

theoretical works, the receptance curve concepts was applied to validate the dynamic

behaviour of simplified 2D finite element (FEM) models against more complex 3D

FEM models [92]. Oostermeijer [86] developed a numerical model where the

receptance test was used to characterize the dynamic behaviour of a regular ballast

track and an embedded rail construction. A theoretical investigation carried out
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by [93] presented the recpetance function as a suitable tool to evaluate rail and

wheel flexibilities. In the context of experimental characterization of railway track

several authors used receptance tests for different purposes. Oregui [34] applied

the impact test to identify damage on the rails in the vicinity of insulated joints.

Kaewunruen and Remennikov [24] utilized the experimentally derived receptance

function to evaluate the integrity of the track structure. In most of the scientific

works that deal with track receptance, both experimental and theoretical frequency

response functions are combined with the purpose of calibrating the numerical

models. In this regard it is worth highlighting the works presented by [27] where

calibration and experimental validation of a dynamic FEM train/track model at a

culvert transition zones is presented. In [28] the authors updated a FEM model by

using experimental receptance data to model the ground vibrations induced by and

Inter-city/Inter-region train. Knothe and Wu [30] compared differences between

measured receptances and simulation results focusing on foundation models. In [85]

experimental and theoretical receptance data are combined to evaluate different

track regions e.g. regular ballast track and transition zones. Alves Ribeiro et al. [29]

calibrated a FEM model with experimental results from a receptance test in order to

get an accurate tool to predict the effect of undersleeper pads in transition zones at

railway underpasses. Last, data from receptance test was used to identify the inputs

of railway turnout FEM models in [32] and [20].

Employing model-based techniques, some attempts have been made in the past

for condition monitoring of ballast stiffness. Although previously developed tech-

niques have advanced the state-of-the-art in monitoring of the railway infrastructure,

high-dimensional mechanical models included in these techniques lead to a notice-

ably complex diagnostic methods, which generally lack of robustness, portability

and scalability. Data-driven low-complexity behavioral models capable to properly

predict the dominant dynamic behavior of the track could represent a viable alter-

native in order to achieve the aforementioned properties in condition monitoring

systems.

B.1.2 Contributions and novelty

Extending the work presented in [74] where a behavioural model was developed

for the switch panel section, this paper presents a novel modelling approach for

the creation of low-complexity behavioural models of the overall turnout capable

of describing the dominant dynamics due to the ballast layer and railpad. The

modelling approach decomposes the measured track vertical accelerations into the

sum of principal vibrations associated with key components of the infrastructure

and then identifies output connected second order discrete time models applying



B.2. Railway turnout technology 99

the Eigensystem Realization Algorithm (ERA). Identification data sets have been

obtained through receptance tests performed at different locations of a turnout in

the Danish railway network, including open track (OT), switch panel (SP), closure

panel (CLP), crossing panel (CP) and additional sections (AS) right after the crossing

panel.

The identified models consistently represent the ballast and railpad dynamics

with estimated natural frequencies in good agreement with the literature [94]. Fur-

ther, the models well forecast the train induced turnout dynamical response in the

frequency range [0, 1000] Hz, as shown through model validation. Last, the paper

discusses the proposed turnout behavioural model in relation to high-complexity

mechanistic models developed for multibody simulation (MBS) in the light of condi-

tion monitoring advocating the need of different models for different purposes.

B.2 Railway turnout technology

In railway networks switches and crossings support the trains diverging from one

track to another at an angle maximizing the infrastructure utilization. As shown in

Fig. B.2 an S&C is a complex multi-component system that consists of three main

consecutive sections: the switch panel, the closure panel and the crossing panel. The

switch panel is the part of the turnout that consists of two half set of switches, where

one or more tracks begin to diverge from the main track. The half set of switches

consist of a stock rail and a movable switch blade, whose position sets the route

across the turnout. The switch panel begins at the first rail joint in front of the switch

blade and ends with the first joint in the closure panel. The closure panel is the part

of the turnout that connects the switch panel and the crossing panel. The crossing

panel is the part of the turnout where the main and diverging track cross each

other. It consists of a crossing, check rails, and stock rails. The crossing is the track

component that consists of a crossing nose and two wing rails, where two opposite

facing running edges cross each other. The crossing panel begins at the last set of rail

joints in the closure panel and ends at the last set of rail joints after the crossing. The

dynamical behaviour of a S&C results from the mechanical interaction of different

components (see Fig.B.3). The railway track consists of the rail fastened to the

concrete sleepers supported by the ballast layer. An elastic layer known as a railpad

is inserted between the rail and sleepers to provide electrical insulation and also to

protect the sleepers from wear and tear [7]. The S&C geometry presents mechanical

discontinuities (e.g. between closure rails and switch rails), which cause extreme

impact loads on the track components upon train passage [8, 9, 10]. This leads to

faster degradation of the turnouts in comparison with the open track, resulting in
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Figure B.2: View of a railway turnout with highlighted sections (courtesy of Banedan-

mark).

the need of more frequent maintenance actions. Deterioration processes affecting

the rails (e.g. deformations due to wheel-rail interaction) and the sleepers can be

timely assessed exploiting the measurement car, which integrates optical and inertial

measurements to evaluate the track geometry, rail profile and rail corrugation. The

evaluation of the railpad, ballast and subballast quality is very challenging and it

would require the adoption of destructive methods, which in general are not favored

to avoid disruption of service. However, the quality of these components have a great

impact into the track stiffness that, in turn, influences the track geometry variation,

thereby negatively affecting the track maintenance cost [18].

B.3 Experimental campaign and data analysis

The receptance test campaign performed on a S&C at Tommerup station (Fyn,

Denmark – October 2017) is presented and data collected are analyzed to determine

the validity of the performed experiments. The receptance test allows the charac-

terization of the main dynamic properties of the railway track components through

a series of impact tests. The receptance test is performed by impacting the top of

the rail with an instrumented impact hammer and recording the track response

by using accelerometers typically placed on the rail head. Measured forces and



B.3. Experimental campaign and data analysis 101

Figure B.3: Railway track cross-section with highlighted components.

accelerations are then combined and analyzed in the frequency domain to identify

the main resonant and antiresonant frequencies of the track. Dahlberg [94] defines

the track receptance as the inverse of the track stiffness. Through its analysis several

well-damped natural frequencies can be obtained. Resonances at low frequencies

in the receptance curve are linked to track elements such as the subgrade and/or

the ballast layer; whereas resonances at high frequencies are connected to track

elements located on the top such as the rail and the railpads. The informative level

of the measured acceleration is assessed by means of the coherence function, which

allows to determine the frequency range where the receptance data show significant

cross-correlation between input and output.

B.3.1 Receptance test at Tommerup station’s turnout

A series of measurements was carried out at different sections along a turnout

at Tommerup Station. The measurment sections with the measurement points are

shown in Fig. B.4. The main characteristics of the instruments used to carry out the

impact test are presented in Table B.1. Accelerometer 1 and Accelerometer 2 are

mounted on the rail head at sleeper location and mid-span, respectively. The data

collected by these two sensors during the receptance test is used to identify low-

complexity behavioral models, as discussed in Section B.4.2. Twelve accelerometers

of type Accelerometer 3 are installed along the S&C on the rail web and are part of

a track-side measurement system employed to measure the vertical and lateral track

accelerations during train passages. Measurement signals from these accelerometers

are utilized to evaluate the prediction capability of the identified models. The test

consisted in impacting the rail head at the impact spots shown in Fig. B.4 and

measuring the vertical accelerations with the described accelerometers. Figure B.5
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Figure B.4: Layout of the measurement locations along the S&C at Tommerup station,

and highlighted sections where the receptance tests have been performed

Table B.1: Main characteristics of adopted instruments for receptance test.

Instrument Brand Range Sensitivity Mass

Hammer 086D50 PCB Piezometrics ±22.24 kN pk 0.23 mV/N 5.5 kg

Accelerometer 1 B&K Type 4366 ±50 g 35.3 mV/g 28 g

Accelerometer 2 B&K Type 4370 ± 50 g 87.9 mV/g 54 g

Accelerometer 3 KISTLER 8702B500 ± 500 g 10 mV/g 8.2 g

shows the set-up for the receptance test at location of A11 including the hammer

and accelerometers. The schematic location of where the hammering occurs and

the position of the sensors is also shown in this figure. Three receptance tests,

each consisting of 10 impacts, were carried out at each measurement location.

The acquisition frequency used to sample forces and accelerations was 20 kHz. An

example of the input-output data gathered during a single impact is shown in Fig. B.6.

All presented measured data from the infrastructure are normalized. The quality of

each experiment is evaluated computing the power transfer from hammer impact to

measured vertical acceleration through the coherence function

CFa(ω) = | GFa(ω) |2

GFF (ω)Gaa(ω) , 0 < CFa(ω) < 1 (B.1)

where Gaa(ω) refers to the power spectral density of the measured acceleration

av,m, GFF (ω) is the power spectral density of the measured force F , and GFa(ω)
is the cross power spectral density. Under the assumption of ergodicity of the

measured signals and linearity of the excited system, the coherence function CFa(ω)
provides information about the range of frequencies where the system output power

is produced by the input. In previous studies [85, 86] the coherence function was
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(a) Graphical representation of the sensors location during the impact test.

(b) Impact test performed at the additional section close to accelerometer A11.

Figure B.5: Schematic and picture of the experimental set-up employed to carry out

the receptance test (Tommerup station, Fyn, Denmark - October 2017).

used as estimator of the quality of the signals coming from the impact test, and a

CFa(ω) > 0.8 was considered as strong indication of cross-correlation between the

input force and the measured acceleration. We adopt the same criterion to evaluate

the frequency range where the receptance tests produced valid outputs. To account

for the lack of ergodicity of the measured vertical acceleration due to non perfect

repeatability of the impacts and for the presence of nonlinear effects contributing

to the dynamic response of the track, the averaged coherence function Cavg
Fa (ω)

is calculated as the ratio of the magnitude of the averaged cross power spectral

between the measured force (impact) and the measured acceleration Gavg
Fa (ω), to the

product of the averaged power spectral of the force Gavg
FF (ω) and the acceleration

Gavg
aa (ω) [95]

Cavg
Fa (ω) = | Gavg

Fa (ω) |2

Gavg
FF (ω)Gavg

aa (ω) , 0 < Cavg
Fa (ω) < 1 (B.2)
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Figure B.6: Outcome of the receptance test: (top) normalized vertical acceleration

measured on the rail head; (bottom) measured impact force.
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Figure B.7: Analysis of receptance data: (top) average coherence function, (bottom)

magnitude of H2,d from input-output data gathered at location A7.
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A suitable indicator to identify resonant frequencies is given by the receptance

function [84]

H2,d(ω) = Gaa(ω)
−ω2GFa(ω) . (B.3)

Figure B.7 shows the coherence function with the 95% confidence interval (CI) as

well as the receptance function for the receptance test performed at the measurement

point A7 in crossing panel. Analyzing Cavg
Fa (ω) it can be concluded that across all

experiments there is a clear input-output relation up to 1 kHz. A similar behavior is

observed for the receptance tests carried out at other turnout locations. Therefore,

the subsequent model identification procedure only considers information content of

the measured acceleration within [0, 1000] Hz. A low-pass filter with cut-off frequency

of 1 kHz is hence applied to the measured accelerations. Further, analyzing the

magnitude of the receptance function H2,d(ω) in the frequency range [0, 1000] Hz
two significant peaks are distinguished: the first one around 100 Hz corresponds to

the full track vertical resonant mode shape, whereas the second one around 600 Hz

corresponds to the mode shape in which the rail bounces on the railpads. According

to the literature [94] these frequencies are found in the ranges of [50, 300] Hz and

[200, 600] Hz.

B.4 Subspace model identification of turnout dynamics

The Eigensystem Realization Algorithm (ERA), a subspace model identification

technique, is used to identify models describing the dominant dynamic behavior of

the turnout due to the ballast layer and the railpad at different sections (OT, SP, CLP,

CP and AS). ERA was proposed by Pappa and Juang [89] for model reduction using

the free decay response of a system. ERA is known as an effective tool for identifying

natural frequencies, mode shapes and damping ratio in structural engineering.

Further, it can be combined with the impact hammer test for modal parameter

identification. ERA has been successfully applied for system identification of e.g.

aerospace structures [89] and civil structures [81]. ERA and other methods of modal

parameter identification are particularly useful in structural health monitoring. They

play a significant role in identifying a model capable of predicting dominant dynamic

behavior of structures. A further analysis of the dynamic characteristics of structures

identified by these techniques can be carried out for damage detection and structural

deterioration assessment. In civil engineering, the ERA method has been employed

for structural health monitoring purposes [96]. The track response to a hammer

excitation is a free vibration response. The system vibrates at its natural frequencies

representing dynamic characteristics of the superstructure (rails and railpads) and

substructure (ballast and subballast). Hence, the ERA method can be applied to the
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free vibration responses of the track measured during the receptance tests to identify

the dynamic characteristics of the S&C. First, an overview of the theory behind

the algorithm is provided. Development of the low-complexity behavioral models

through the measured receptance test data and the ERA identification technique is

then discussed in details.

B.4.1 Overview of the Eigensystem Realization Algorithm

ERA is a subspace identification method based on a state space representation

of a discrete time linear time-invariant system. Let x ∈ Rn be the state vector of

the system to be identified, u ∈ R the known system input and y ∈ R the measured

system output. Then the discrete time state-space representation of the dynamical

system is

xi+1 = Axi + bui (B.4)

yi = cxi (B.5)

where the subscript i ∈ N is the time index, A is the n× n system dynamics matrix,

b is the n × 1 input vector and c is the 1 × n output vector. The free unit pulse

response and the zero-input output response are given by

yi = cAi−1b (B.6)

yi = cAix0, (B.7)

where x0 is the system initial condition. Equations (B.6)-(B.7) show that at each time

step the system output is given by a linear combination of the system eigenmodes.

Therefore the measured output contains information enabling the identification one

of the possible minimal realizations of the system (Â, b̂, ĉ), which is related to the

true realization of the system Eqs. (B.4)-(B.5) through a similarity transformation T,

i.e. Â = T−1AT, b̂ = Tb and ĉ = cT−1. Given the measured unit pulse response

in Eq. (B.6), the Hankel matrix H0 and the shifted Hankel matrix H1 of the Markov

parameters are constructed as follows [88]

H0 =


y1 y2 . . . yn

y2 y3 . . . yn+1
...

...
. . .

...

yn yn+1 . . . y2n−1

 =


cb cAb . . . cAn−1b

cAb cA2b . . . cAnb
...

...
. . .

...

cAn−1b cAnb . . . cA2n−2b

 (B.8)
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H1 =


y2 y3 . . . yn+1

y3 y4 . . . yn+2
...

...
. . .

...

yn+1 yn+2 . . . y2n

 (B.9)

where the dimension of the Hankel matrix is n× n. The matrix H0 can be rewritten

as

H0 =


c

cA
...

cAn−1


[
b Ab . . . An−1b

]
= ΦoΦc, (B.10)

where Φo and Φc are the observability and controllability matrices. Two equivalent

matrices can be obtained by Singular Value Decomposition (SVD) of H0

H0 = UΣ2VT = (UΣ)(ΣVT ) = PQ. (B.11)

Noteworthy that the matrices P and Q are not unique. According to Eqs. (B.9)-

(B.10) the shifted Hankel matrix can be rewritten as

H1 = ΦoAΦc. (B.12)

Hence, the system dynamics matrix A can be obtained from the latter equation as

A = Φ−1
o H1Φ−1

c . (B.13)

Since the state space representation of the system taken into account is minimal and

the system is single-input single-output, the observability and controllability matrices

are full-rank and square matrices. Therefore, their invertibility is guaranteed. An

estimate of the system dynamical matrix is obtained by utilizing the matrices P and

Q equivalent to the observability and controllability

Â = P−1H1Q−1. (B.14)

Estimates of the input and the output vectors (b̂ and ĉ) are obtained by taking the

first column of the matrix Q and the first row of the matrix P

P =


ĉ

ĉÂ
...

ĉÂ
n−1

 , Q =
[
b̂ Âb̂ . . . Ân−1b̂

]
(B.15)
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Given the identified system dynamical matrix Â the modal properties of the system

in terms of natural frequencies and damping ratios can be computed using the

following formulas

ωnk = | ln(λk(Â)) |
2πTs

, ζk = −Re(ln(λk(Â))/Ts)
| ln(λk(Â))/Ts |

(B.16)

where Ts is the sampling time and λk(Â) is the k-th eigenvalue of the matrix Â.

Using the identified models, the vertical accelerations at different location along the

turnout (i.e. OT, SP, CLP, CP, AS) can be estimated as [90]

Y = Px̂0 (B.17)

where x̂0 is a recursive estimation of the system initial condition at the moment of

impact excitation.

B.4.2 Low-complexity behavioral models

To identify low-complexity behavioural models for the different locations along

the S&C identification data sets have been created by randomly selecting impact tests

among those available at each location. As an example, the selected identification

data set for the crossing panel section (A7) is shown in Fig. B.8. The order of the

model to be identified is determined by joint inspection of the receptance function

(see Fig. B.7) and power spectral density of the vertical acceleration within the

frequency range [0, 1000] Hz. The analysis of the receptance function suggested

the presence of two main resonance peaks. To take into account all track vertical

acceleration responses measured during the three receptance tests, the average

of the power spectral density over all the responses, Giaa, is calculated at each

location. For the crossing panel (A7) the average power spectral density Gavg
aa of the

all measured vertical accelerations with the 95% confidence interval is illustrated in

Fig. B.9. It is worth noting that the 95% confidence interval is determined utilizing

a chi-squared approach. When the spectral density is plotted on a logarithmic scale,

the (1− α)× 100% confidence interval is constant at every frequency [91, Chapter

5] (
10 ln(Ĝavg

aa (ejω)) − 10 ln χ
2
ν(1 − α/2)

ν
, 10 ln(Ĝavg

aa (ejω)) + 10 ln ν

χ2
ν(α/2)

)
(B.18)

where Ĝavg
aa is the average of the estimates of the power spectral density and

ν = 2N∑L
l=−(L−1) ω

2
a(l)

(B.19)
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Figure B.8: An example of identification data set for location A7.

is the degree of freedom of a χ2
ν distribution. N , L and ωa are the number of

observations, window size and correlation window, respectively. L and ωa are

considered to be N and 0.5N . The average power spectral density Ĝavg
aa at different

locations along the turnout shows two resonance peaks in the frequency range

[0, 1000] Hz. The peak in the frequency range [100, 200] Hz is associated to the ballast

layer, describing the in-phase vibrations of rail and sleeper. The out-of-phase motions

of rail and sleeper occurs at the second track resonance frequency, representing

the railpad effect. The analysis of the receptance function and of the measured

acceleration suggests that the least complex model capturing both ballast and railpad

dynamics is of order four.

Figure B.9 shows that the amplitude of the second resonance mode is significantly

larger than the amplitude of the first mode. The same trend is observed at all other

locations along the turnout. Therefore, to avoid erroneous estimation of the first

track resonance due to resonance peaks level discrepancy, the identification data

set is split into two frequency bands using a low-pass and high-pass filter with

cut-off/cut-in frequency of 200 Hz. A general form of the identified models in the

low (10− 200 Hz) and high (200− 1000 Hz) frequency ranges are

Ml :


Âl =

[
al11 al12

al21 al22

]
Ĉl =

[
cl11 cl12

] Mh :


Âh =

[
ah11 ah12

ah21 ah22

]
Ĉh =

[
ch11 ch12

] . (B.20)
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Figure B.9: Average power spectrum with 95% confidence interval for vertical track

accelerations measured at location A7.

The final identified model representing the dominant behavior of the vertical track

dynamics due to the ballast and railpad is obtained by output connecting the two

identified models

M :


Â =

[
Âl 0
0 Âh

]
Ĉ =

[
Ĉl Ĉh

] . (B.21)

The identified model in Eq. (B.21) corresponds to the zero-input output response of

the system as shown in Eq. (B.7). The impact force applied in the receptance tests

is available for the purpose of system identification, however no information about

the wheel dynamic load is available for the measured train-induced accelerations.

Hence a model based on the knowledge of the input cannot be used for validation

on the train related data sets. Therefore to validate the predictiveness of the model,

the initial condition is estimated for each impact (hammer or train wheel) and the

overall measured response is treated as a sequence of zero-input output responses.

Tables B.2 and B.3 report the estimated parameters with their uncertainties of the

identified state space realization of the low and high frequency models at different

locations along the turnout. The modal characteristics of the final identified models

(i.e. eigenmodes, natural frequencies and damping ratios) are reported in Table B.4.

Damping ratios (ζ) and natural frequencies (ωn) are calculated utilizing Eq. (B.16).
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Table B.2: Estimated parameters of the identified low frequency models

Section Âl Ĉl

OT

[
0.9988 ± 0.0004 −0.0481 ± 0.0038
0.0481 ± 0.0038 0.9803 ± 0.0030

] [
0.0618 ± 0.0018 1.0313 ± 0.0214

]

SP

[
0.9969 ± 0.0004 −0.0524 ± 0.0022
0.0524 ± 0.0022 0.9966 ± 0.0004

] [
0.2261 ± 0.0242 1.0110 ± 0.0287

]

CLP

[
0.9967 ± 0.0004 −0.0326 ± 0.0069
0.0326 ± 0.0069 0.9887 ± 0.0110

] [
0.5373 ± 0.0108 0.8676 ± 0.02335

]

CP(A7)

[
0.9986 ± 0.0001 −0.0307 ± 0.0016
0.0307 ± 0.0016 0.9824 ± 0.0011

] [
0.3642 ± 0.0537 1.2523 ± 0.0226

]

CP(A8)

[
0.9964 ± 0.0005 −0.0542 ± 0.0009
0.0542 ± 0.0009 0.9899 ± 0.0014

] [
1.1782 ± 0.0273 2.0409 ± 0.1328

]

CP (A9)

[
0.9809 ± 0.0001 −0.0359 ± 0.0053
0.0359 ± 0.0053 0.9987 ± 0.0011

] [
1.2712 ± 0.0067 0.1894 ± 0.0129

]

AS (main track)

[
0.9973 ± 0.0002 −0.0482 ± 0.0075
0.0482 ± 0.0075 0.9830 ± 0.0032

] [
0.3147 ± 0.04388 0.8447 ± 0.0608

]

AS (diverging track)

[
0.9961 ± 0.0004 0.0406 ± 0.00820

−0.0406 ± 0.0820 0.9888 ± 0.0036

] [
0.5895 ± 0.0193 0.9803 ± 0.0940

]

B.4.3 Model validation and robustness

A detailed investigation is now carried out to examine the prediction capability

of the identified models. The prediction capability is tested by considering the

track response to both hammer impact (using the measurement signals recorded

by Accelerometer 2) and ordinary train traffic excitation measured at different

locations of the turnout (using the measurement signals recorded by accelerometers

of type Accelerometer 3). The evaluation is quantitatively carried out through the

calculation of the fitting score

fit = 100×
1−
∥∥av,m − âv∥∥∥∥av,m − āv,m∥∥ , (B.22)

which indicates how well the model prediction fits the validation data sets. In

Eq. (B.22) av,m is the measured vertical acceleration, âv denotes the acceleration
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Table B.3: Estimated parameters of the identified high frequency models

Section Âh Ĉh

OT

[
0.9626 ± 0.0002 −0.1882 ± 0.0005
0.1882 ± 0.0005 0.9755 ± 0.0000

] [
2.7193 ± 0.0003 1.1605 ± 0.0001

]

SP

[
0.9764 ± 0.0012 −0.1550 ± 0.0003
0.1550 ± 0.0003 0.9854 ± 0.0001

] [
0.2341 ± 0.0081 1.0023 ± 0.0088

]

CLP

[
0.9918 ± 0.0045 0.1270 ± 0.0049

−0.1270 ± 0.0049 0.9809 ± 0.0031

] [
0.1738 ± 0.0369 1.7160 ± 0.0245

]

CP(A7)

[
0.9612 ± 0.0089 −0.1898 ± 0.0015
0.1898 ± 0.0015 0.9768 ± 0.0026

] [
3.3554 ± 0.03557 1.0429 ± 0.05262

]

CP(A9)

[
0.9763 ± 0.0006 −0.1694 ± −0.0011
0.1694 ± 0.0011 0.9777 ± 0.0005

] [
2.8610 ± 0.1067 2.0952 ± 0.0639

]

AS (main track)

[
0.9695 ± 0.0016 −0.1955 ± 0.0013
0.1955 ± 0.0013 0.9782 ± 0.0014

] [
2.3626 ± 0.0781 0.7891 ± 0.0768

]

AS (diverging track)

[
0.9421 ± 0.0648 −0.2104 ± 0.0112
0.2104 ± 0.0112 0.9679 ± 0.0201

] [
2.8449 ± 0.0396 0.9905 ± 0.0369

]

predicted by the identified model, and āv,m is the mean value of the measured

acceleration. To check the validity of the results obtained from the identified models,

data sets collected during the receptance tests (called “validation data sets”) are used.

Again, validation data sets are randomly chosen from the measured acceleration

responses excluding the data sets used for identification . In each single hammer

excitation (or wheel excitation) the initial condition x0,j is recursively estimated,

where j is the impact number (or wheel number). The zero-input output response

of the identified model is then obtained using Eq. (B.7). Figure B.10 compares the

validation data set measured at the crossing panel with the predicted response in

both time and frequency domains. The identified model well predicts the dominant

behavior of the system since the first and second track resonance frequencies in

the range [0, 1000] Hz are matched by the model. The fitting score for the shown

validation data set is 73.3%. To assess the robustness of the model, its capability of

predicting the band-pass filtered ([80, 1000] Hz) acceleration response of the system

to a train excitation is examined. The predicted acceleration response is compared

to the response measured at the turnout position A7, as shown in Fig. B.11. The

fitting score in this case is 63.9%. Based on the graphical comparison and the fitting
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Table B.4: Modal characteristics of the identified models.

Section λ [-] ωn [Hz] ζ [-]

OT
0.9895 ± 0.0472i 154.5534 ± 11.7249 0.1932
0.9691 ± 0.1881i 611.5569 ± 1.6490 0.0673

SP
0.9968 ± 0.0524i 167.1953 ± 6.9777 0.0353
0.9814 ± 0.1553i 499.1206 ± 1.0661 0.0441

CLP
0.9927 ± 0.0324i 105.8538 ± 19.9734 0.2042
0.9864 ± 0.1269i 407.6153 ± 13.4926 0.0432

CP (A7)
0.9905 ± 0.0296i 99.5863 ± 5.2133 0.2917
0.9690 ± 0.1896i 616.4479 ± 1.0853 0.0656

CP (A8)
0.9931 ± 0.0541i 174.0117 ± 2.6834 0.0986

− − −

CP (A9)
0.9899 ± 0.0347i 115.7699 ± 17.6306 0.2648
0.9770 ± 0.1694i 547.6198 ± 3.7399 0.0491

AS (main track)
0.9902 ± 0.0476i 155.5657 ± 24.4137 0.1788
0.9739 ± 0.1955i 630.8860 ± 2.9081 0.0304

AS (diverging track)
0.9925 ± 0.0404i 131.3086 ± 25.3344 0.1633
0.9550 ± 0.2100i 692.6417 ± 5.9791 0.1033

score it is concluded that the identified model for the crossing panel well predicts the

dynamic response of the track when excited through a train passage. Table B.5 lists

the fitting scores of the models identified for the different S&C sections calculated for

both the validation data sets (receptance tests) and data sets collected during train

passages both in the main and diverging tracks. To properly evaluate the predictive

capability of the identified models against the train passage data, at each location

along the main track the fitting score is obtained by averaging the fitting scores

computed for a batch of 20 IC3 trains travelling at 160 km/h. Since less than 1% of

the trains go through the diverging track, the fitting score is computed by averaging

through 5 IC3 trains travelling at 160 km/h. With the exception of the crossing panel

location CP(A8), the identified low-complexity behavioral models correctly forecast

more than 50% of the S&C track response induced by train excitation. It is worth
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Figure B.10: Validation of the identified model on receptance test data at location

A7: (top) time domain responses; (bottom) estimated power spectral densities with

95% confidence interval for the measured data, Ĝaa,m, and the model, Ĝaa,M.
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Figure B.11: Comparison of measured and predicted accelerations for a IC3 train

travelling at 160 km/h through location A7: (top) whole train passage; (bottom)

zoom in on a two wheel-set passage.
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Table B.5: Prediction capability of identified models.

Section
Fit [%]

Validation Main track Diverging track

OT 78.3 58.7 ± 4.1 −
SP 72.3 53.4 ± 2.4 −
CLP 62.3 − −
CP (A7) 73.3 63.9 ± 4.8 −
CP (A8) 68.2 30.4 ± 3.5 −
CP (A9) 60.2 - 55.9 ± 4.3
AS (main track) 62.3 54.5 ± 4.4 −
AS (diverging track) 67.0 − 53.4 ± 4.9

noting that the receptance test data recorded at the location CP(A8) is not valid

for the frequency range higher than 300Hz, therefore the identified model is just of

second order. This explains the 30% fitting score. The sensitivity and performance of

the identified models is investigated in more details to evaluate which parameter

among train speed, axle load and train type has the greater influence on the obtained

fitting score. For this purpose a batch of 100 trains is considered and the data is

clustered in three groups based on train type, train speed and axle load. Figure B.12

illustrates the average fitting scores calculated for different clusters at different

sections of the turnout. The predictiveness of the identified models is clearly not

dependent on the train type; however trends are visible for the train speed and

for the axle load. For all four considered S&C sections an increase of the axle load

results in a reduction of the fitting score from a maximum of about 70% for a load

of 4.88 t at location A7 to a minimum of about 30% for a load of 20.08 t at location

A4. The speed dependence is also evident at locations A2, A4 and A11 where the

predictiveness increases with train speed. At location A7 the available data do not

show any significant trend between the train speed and the model predictiveness.

B.5 High-fidelity multi-body simulation model

High-fidelity multi-body simulation (MBS) models are theoretical tools that pro-

vide a good understanding of the train/track interaction phenomenon, particularly

at track sections characterized by complex rail/wheel interface geometries. Similar

models have been previously used to evaluate the train/track interaction at railway

turnouts [97, 98, 99, 100]. MBS models are appropriate tools to evaluate com-

plex dynamic interaction problems in the railway field, providing a good balance
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(d) Location A11

Figure B.12: Average fitting scores and their standard deviation for 100 trains.

between the accuracy achieved when simulating the wheel/rail interaction and the

computational time. A particular MBS model developed through the commercial

software GENSYS is used to evaluate the dynamic interaction between the train and

the track when a passenger train passes through the S&C. Similar ways of simulating

the train/track interaction at railway turnouts by using GENSYS can be found in [32,

97]. The high-fidelity MBS model is able to account for the geometric variations of

the rail and track substructure along the entire switch and crossing. A predefined

number of cross section profiles of the rail are considered to define the geometry

of the track model. They actually make up the mesh of the model, so the finer the

mesh the more accurate the outputs of the dynamic interaction coming from the

MBS model. A similar model was previously defined and used in [101] to properly

represent the elastic properties of the track elements in GENSYS. The turnout model

consists of a set of mass-spring-damper systems that provide support to a continuous

multi-span Euler Bernoulli beam, used to model the rails. The train model consists

likewise of a set of mass-spring-damper systems representing the different elements
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Figure B.13: Layout of the high-fidelity MBS model to simulate the train and track

interaction.

Table B.6: Nomenclature of mechanical parameters of Fig. B.13.

Vehicle Turnout

v - train speed Yr - vertical displacement of the rail

kss - secondary suspension stiffness EI - bending stiffness of the rail

css - secondary suspension damping m - mass of the rail

mb - bogie mass kp - railpad stiffness

kps - primary suspension stiffness cp - railpad damping

cps - primary suspension damping ms - ballast mass

ma - wheelset mass kb - ballast stiffness

kw - wheel/rail contact cb - ballast damping

of an IC3 passenger train with a single car body, two bogies and four wheelsets. A

layout of the MBS model used to simulate the train and track interaction is depicted

in Fig. B.13. Table B.6 provides the mechanical characteristics used to model the

main components that constitute the vehicle and the track.

B.5.1 MBS model validation

The simulation of the dynamic interaction between a single car body and the

turnout is carried out in the MBS program. It is considered that for this partic-

ular case the train moves through the main track. The time step to perform the

numerical simulation is set to ∆t = 0.0001 seconds, which allows capturing the

most relevant frequencies in the numerical train/track interaction up to 5 kHz. The

total computational time to run a single simulation of the train track interaction

is 38 minutes. Figure B.14 illustrates the magnitude of the vertical acceleration
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Figure B.14: Vertical accelerations measured on the rail using the high-fidelity MBS

model.

obtained with the MBS model, measured on the rail, at locations A1 and A4 along

the turnout. Figure B.14(a) shows that the MBS model properly captures the passage

of the first bogie at location A1, followed by the impact between the first wheelset

and the switch blade on the left side of the switch panel. It is worth highlighting

that this impact is commonly detected when analyzing time history responses in

MBS models for switches and crossings [32, 97]. The accuracy in terms of mag-

nitude of the acceleration strongly depends on the mesh definition of the MBS

code (number of cross sections of the rail profile) at both the switch panel and the

crossing panel and it might compromise the computational efficiency of the MBS

model if the number of cross sections selected to model the geometric variations

along the turnouts is too high. After the impact between the leading wheelset and

the switch blade, characterized by a high frequencies content, the entrance of the

second bogie over the measurement point A1 can be detected, followed as before,

by the impact between the trailing wheelset and the switch blade. In Fig. B.14(b)

the same phenomenon can be observed, but in this case both the bogie entrance

patterns and the wheelsets-switch blade impact patterns are nearly overlapped

due to the proximity between the measurement point A4 and the location of the

switch blade. To validate the predictiveness of the MBS model the simulated vertical

acceleration is compared with the vertical acceleration measured on the S&C at

Tommerup station. To emphasize the contribution of different phenomena into the

vertical track acceleration the analysis is performed for the low frequency range,

f ∈ [0, 40] Hz, and for the high-frequency range, f ∈ [40, 1000] Hz. Figure B.15

shows the comparison between measured and simulated vertical acceleration in the
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Figure B.15: Measured and simulated vertical accelerations at location A4 – Low-

frequency range.

low-frequency region. Both the time series and the power spectral densities evidence

the good ability of the MBS model to correctly reproduce the dynamical behaviour of

the train/track interaction and particularly the phenomenon of the bogies entering

into the measurement point. Figure B.16 shows the comparison between measured

and simulated vertical acceleration in the high-frequency region. The MBS model

is not capable of predicting measured track response with sufficient accuracy in

this frequency range, with a significant overestimation of the power density in the

frequency range f ∈ [40, 300] Hz. Although the MBS model was manually calibrated

exploiting the receptance data, its current level of complexity in terms of number

of considered rail cross sections does not result in sufficient accuracy to predict

the track response in the frequency interval where the ballast and the railpad are

dominant.

B.6 Behavioural models and high-fidelity MBS model for

railway turnouts

Switches and crossings are a key element of railway networks as they enable

efficient and flexible train operations. They are also the most vulnerable part of the

railway infrastructure, exposed to higher dynamic loads because of moving parts

and the greater geometric complexity compared to normal tracks. The continuous

development of models to understand how the different track components contribute

to the dynamical behaviour of the S&C upon train passage is of paramount impor-

tance to improve the know-how needed for advancing the turnout technology. The
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Figure B.16: Measured and simulated vertical accelerations at location A4 – High-

frequency range.

ultimate purpose of the model determines which features are fundamental, thereby

influencing the choice of modelling techniques and tools. For the purpose of inves-

tigating train/track interaction features as predictiveness, accuracy and precision

are preeminent. However high accuracy and precision generally come at the cost of

large complexity that, in turn, determines a high computational burden. Therefore

to limit the intricacy, models developed for studying the train/track interaction usu-

ally aim at achieving very good predictions of track response due to the wheel-rail

contact forces, thereby focusing on the low-frequency range (f < 100 Hz) of the

track response. To obtain high predictiveness also in relation to the track resonances

(ballast, railpad and rail), the model complexity should be further increased. Hence

this type of models are difficult to scale and to adapt to different type of S&Cs. The

adopted MBS model clearly highlights the strengths and weaknesses of this modeling

approach. For the purpose of monitoring the health state of the S&C features as

portability, robustness, scalability and predictiveness are instead deemed paramount.

A modelling tool embodying these characteristics will secure deployment across

the entire railway network thanks to the inherent ability to adapt to changes in

S&C technology, operational conditions and environmental settings. The developed

low-complexity behavioural model encompasses the aforementioned features. The

model can be adapted to a different S&C by using new receptance data, making it

portable across different network locations. If an additional track component needs

to be monitored, then the model can be easily expanded by increasing the model

order; e.g. the dynamics linked to the rail resonance frequency can be included

by augmenting the model order from four to six. The predictive power and the
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robustness have been demonstrated by testing the model on data sets differing for

train travelling speed and axle load (see Fig. B.12 and Table B.5).

B.7 Conclusions

The paper proposed a new modelling approach for railway turnouts that based

on subspace system identification techniques provides a low-complexity behavioural

model that describes the dominant dynamics related to the first two track resonances

associated with the ballast and railpad. The modeling approach exploits vertical

track accelerations measured on the rail head during a receptance test campaign in

combination with the Eigensystem Realization Algorithm to identify a fourth order

linear model. The identified model is characterized by two resonance frequencies,

one related to the ballast layer and one related to the railpad. Low-complexity

behavioural models have been identified for five different sections of an S&C located

at Tommerup station (Fyn, Denmark). The identified resonance frequencies for the

different sections are in line with values previously reported in the literature. The

identified models have been extensively validated using vertical track acceleration

data collected both during the receptance test campaign and train passages. In

particular a pool of data related to hundred train passages differing for train type,

traveling speed and axle load has been exploited to verify the robustness of the

models predictions. The robustness analysis demonstrated that the low-complexity

model prediction accuracy increases for high-speed trains with the lowest axle

load. For trains traveling with a speed in the range 140 − 160 km/h and with an

axle load of 4.88 t the identified models have a fitting score to the measured data

in the interval 60% − 70%. The proposed modelling approach generates models

that feature good predictiveness, robustness to changes in operational conditions,

portability throughout the S&C and across S&Cs, scalability. These qualities render

the low-complexity behavioural models suitable for condition monitoring of the

S&Cs since the development of degradation phenomena affecting track components

as the ballast layer and the railpad could be assessed through significant variations

in the model parameters over relatively large periods of time.
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Abstract:

Reliability and dependability of the infrastructure is a must for any railway asset

manager to guarantee both safety and capacity of the network. To avoid operational

downtime and, even more, accidents timely maintenance of the railway infrastruc-

ture becomes a crucial aspect. Current maintenance policies are mostly reactive

or periodic, which give surge to a high O&M cost. Reducing maintenance cost

while enhancing asset reliability may be achieved through the adoption of predictive

maintenance policies. This requires the availability of a condition monitoring system

able to assess the infrastructure health state through diagnosis and prognosis of

degradation processes occurring on the different railway components. Central to

any condition monitoring system is the a-priori knowledge about the process to

be supervised in the form of either mathematical models of different complexity

or signal features characterizing the health state. This paper proposes a statistical

model for the switch panel of railway turnouts that characterizes two key compo-

nents: railpad and ballast. Exploiting vibration data collected during train passages

their natural frequencies are estimated through an estimation scheme based on

empirical mode decomposition and subspace identification. By analysing vertical

acceleration data corresponding to 400 train passages the estimated resonance fre-

quencies associated with the ballast and the railpad have been well characterized

by normally distributed random variables. The proposed estimation architecture

Pegah Barkhordari and Roberto Galeazzi. "Statistical Model of Railway’s Turnout based on Train
Induced Vibrations". Proceedings of the 10th IFAC Symposium on Fault Detection, Supervision and Safety
of Technical Processes (2018).
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and the resulting low-complexity statistical model opens an opportunity for the

monitoring of developing degradation processes in the railway’s turnout.
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C.1 Introduction

Continuous availability of the railway network strongly depends on the condition

of the infrastructure components. To guarantee network availability and to optimize

its performance and capacity condition monitoring and predictive maintenance are

of paramount importance. Infrastructure maintenance based on reactive policies

has been and still is a major cost driver for railway infrastructure managers that

face expenditures for hundreds of millions Euro on a yearly basis to secure safety

and availability of the infrastructure [2, 3]. The maintenance and renewal actions

of switches and crossings (S&Cs) contribute significantly to the reported expenses,

because S&Cs are critical both in terms of network capacity and safety. Banedanmark,

the Danish railway infrastructure manager, estimates that each year one third of

the total track maintenance cost is spent on turnouts. According to the 2014 RSSB

Annual Safety Performance Report [11, Section 8.5], 31% of the track-related

derailments were caused by S&Cs malfunctioning in the period 2009–2014 in Great

Britain. Railway turnouts are complex systems from a geometrical and dynamical

point of view, where components of the superstructure (rails and railpads) interact

with those of the substructure (ballast and subgrade) to determine the wheel-rail

interaction. As such the degradation of one or more of these components directly

affects the S&C dynamic performance; in particular failure data recorded in the UK

in 2009 [12, Chapter 7] showed that ballast degradation is the third most important

component with a failing frequency of 7.9 (the first two components affecting turnout

performance are the switch rail (45.3%) and the slide chair (30.4%)). Railway will

have a central role in the future development of sustainable transport systems

in Europe. This expected key role cannot be guaranteed without optimizing the

performance of the infrastructure elements and reducing the maintenance costs

associated to faults and failures of turnouts. Therefore, railway infrastructure

managers are motivated to change maintenance policies from reactive/periodic to

predictive. This can be achieved by developing novel condition monitoring (CM)

systems capable to issue early warnings of deterioration processes and diagnose

occurrence of faults in infrastructure components.

C.1.1 State of the art

Track stiffness is known as a key parameter to asses the railway condition; in par-

ticular noticeable correlation between variations of track stiffness and degradation

of railway performance is observed in practice [83]. Track stiffness is significantly

influenced by the ballast and subgrade condition, therefore their monitoring is

crucial to prevent the overall degradation of the infrastructure dynamic behaviour.
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Evaluation of the “health state” of the ballast by means of non-destructive measure-

ment methods is indeed a challenging task due to the harsh operational conditions.

Several approaches were proposed in the literature for condition monitoring of

the open track stiffness; these methods can be categorized as direct and indirect.
Direct methods have been in focus in [35, 36, 37, 38, 39, 40, 41] where the ground

penetrating radar (GPR), the cone penetration test (CPT) and visual inspection have

been considered as means of evaluation of the track condition. Despite being in use

across several railway infrastructure managers, these methods have few drawbacks

that should be considered in the design of a condition monitoring system: (1) the

GPR relies on a proper selection of the frequency range of the electromagnetic waves

in order to provide a “good visibility” of the ballast; (2) the CPT is a destructive and

time consuming test that influences train operations; (3) the visual inspection is only

effective for detection of damage that has already propagated to the surface. Indirect

techniques are non-destructive methods that rely on intelligent processing of mea-

sured data recorded by track-side or train-based measurement systems. Examples of

methods based on measurements collected through train passage are given in [44,

83]. Model-based approaches for the detection of degradation of the ballast layer

have been recently proposed by [45, 46, 47], who combined complex mechanistic

models with Bayesian algorithms for parameter updates. The proposed methods

were validated both with simulated and measured acceleration data. The main

drawback of these approaches resides on the large dimensionality of the models,

which may result in the design of highly complex diagnostic methods. [74] instead

proposed a low-complexity behavioural model of the turnout able to capture the

dominant dynamics related to the ballast and the railpad. The fourth-order model

was estimated using the Eigenstructure Realization Algorithm (ERA), a subspace

identification method, on unloaded vibration data3 collected during a receptance test.

Despite the good prediction capability demonstrated by the identified model when

validated against measured vertical track accelerations induced by train passage,

the approach proposed in [74] relies on the execution of an experimental campaign

that railway infrastructure managers very seldom perform. Low-complexity data-

driven behavioural models, which embed the dynamic characteristics of main track

components, are industrially appealing since the low parametrization will enable

easy tuning and guarantee high portability across the entire railway network despite

natural presence of uncertainties due to e.g. geographical location and physical age

of the components. Further, the availability of low-complexity models will result in

simpler and more robust designs of the monitoring tools for diagnosing faults and

3Loaded/unloaded vibration data refer to data collected in the presence/absence of a train loading
the infrastructure. Unloaded vibration data are usually collected through a hammer test.
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prognosing failures.

C.1.2 Main contribution

This work presents a novel statistical model describing the dynamical features of

two key components of the turnout’s switch panel: the railpad and the ballast. To

overcome the limitations introduced by using data collected through unconventional

experimental campaigns in the railway industry – as the receptance test –, the paper

proposes a parameter estimation scheme that relies on loaded data, i.e. train induced

vertical accelerations, collected by a track side measurement system. The estimation

scheme combines the empirical mode decomposition (EMD) with numerical algo-

rithms for subspace state space system identification (N4SID) to estimate second

order models for the intrinsic mode functions (IMFs) related to the ballast and the

railpad. With the models being available the estimation of the components natural

frequencies is achieved through eigenvalue analysis. The statistical characterization

of the parameters describing the dynamical behaviour of the railpad and ballast is

deemed necessary in order to take into consideration the presence of uncontrollable

external factors – quality of the train’s wheels, meteorological conditions, train load

and speed – that may determine significant variations in the dynamical response.

Exploiting vibration data collected during the passage of 200 IC3 and 200 IR4 trains,

the natural frequencies of the ballast and railpad are statistically characterized as

normally distributed; further the values estimated based on the receptance test

are well within two standard deviations from the mean value. All measured data

presented in the paper are anonymized to comply with the policy of the Danish

railway infrastructure manager.

C.2 Experimental set-up

As part of the INTELLISWITCH project a switch and crossing in the Danish

railway infrastructure has been instrumented with 3 wheel detectors, 12 2-axis

accelerometers (measurement range: ±500g) and 3 displacement sensors (measure-

ment range: ±20mm). All sensors are connected to a cabinet where signals are

conditioned and data temporary stored. The location of the sensors along the S&C is

shown in the schematics in Fig. C.1. The wheel detectors are used to switch on/off

the data collection whenever a train passes through the turnout. The accelerom-

eters are magnetically installed on the rail web and measure vertical and lateral

accelerations induced by a train passage. The displacement sensors are measuring

the vertical motion of the sleepers. The data acquisition board samples all measure-

ments at the sampling frequency Fs = 20kHz. Pictures of the instrumented S&C
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Figure C.1: Layout of the sensors location along the turnout at Tommerup station

(Fyn - Denmark). The data utilized in this work refer to vertical accelerations

measured by accelerometer A4 on the switch panel.

and of selected sensors are shown in Fig. C.2. A turnout is divided in three main

areas (along the track): the switch panel, the closure panel and the crossing panel.

This work focuses on identifying a low-complexity statistical model of the turnout’s

dynamics in correspondence of the switch panel. In particular, vertical acceleration

measurements at the location of accelerometer A4 (see Fig. C.1) are considered

for this study. An example dataset is shown in Fig.C.3, where both the normalized

vertical acceleration and the time-shifted output of the wheel detector is reported.

The displayed acceleration signal is normalized according to ā = a/max(|a|). The

time-shifted output of the wheel detector is utilized to precisely determine when

the train bogies are passing through the measurement location A4. The time syn-

chronization between the wheel passage signal WS(t) and the vertical acceleration

ā(t) allows the automatic slicing of the acceleration signal in components referring

to each train bogie for the model identification presented in Section C.3. The time

delay τ is computed based on the knowledge of the train speed and the distance

between the wheel detection sensor and the accelerometer A4.

C.3 Estimation of Track Resonance Frequencies

Condition monitoring of the track infrastructure can be performed by continuous

evaluation of the track resonance frequencies. Estimation of these resonances from

the track response to railway traffic excitation is not a trivial task and advanced

signal processing methods should be employed for such a purpose. The analysis of

vertical acceleration time series in correspondence of a bogie (an example shown in

Fig. C.3) reveals that (1) the signal is not completely damped in between wheels,

which implies that the responses to two successive wheels are not fully distinguish-

able; (2) the maximum amplitude of the acceleration shows significant variation,
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(a) Overview of the turnout in proximity of Tom-
merup station

(b) Accelerometer A5 magnetically connected to
the rail web

(c) Displacement sensor resting on the sleeper (d) Wheel detector mounted on proximity of the
rail web

Figure C.2: Pictures of the instrumented S&C nearby Tommerup station (Fyn -

Denmark).

which may imply issues with the quality of the wheels. Therefore track resonances

may be poorly excited and shadowed by other frequencies where the train excitation

is more prominent. To lower the impact of spurious measurements on the estimation

of the track resonance frequencies, each measured acceleration time series is split

into pieces corresponding to the response induced by one bogie. Each piece is then

processed independently to give rise to one estimate of the natural frequencies

associated with the ballast and the rail pad. To reliably estimate the track resonance

frequencies a novel procedure based on the combination of signal processing and a

subspace identification method is proposed. First, empirical mode decomposition

is applied to each piece of the acceleration signal to extrapolate the fundamental

oscillatory modes included in the signal. Subsequently, the N4SID subspace identifi-

cation method is used to identify a second order model for each IMF. The models



130
Paper C. Statistical Model of Railway’s Turnout based on Train Induced

Vibrations

0 2 4 6 8
-1

0

1

0 2 4 6 8
-1

0

1

Figure C.3: The track acceleration response to a passenger train (IR4) and the wheel

detector signal.

Figure C.4: Block diagram of the estimation scheme for ballast and railpad natural

frequencies.

are then exploited to compute the track components natural frequencies by means

of eigenvalue analysis. Last the estimated frequencies obtained for all bogies are

averaged through the robust statistics of the median. A block diagram showing the

different stages of the proposed procedure is shown in Fig. C.4.
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C.3.1 Empirical Mode Decomposition

Empirical mode decomposition is a signal processing method that decomposes

a signal into so-called intrinsic mode functions, which represent the fundamental

oscillatory modes of the original signal. Given a train T with Nb bogies, let B =
{b1, . . . , bNb} be the set of train bogies and ā(t) for t ∈ [t0, t1] the induced vertical

acceleration at a specific location of the turnout. For each bk the corresponding

slice of the overall signal ā(t) is selected based on the time-shifted output of the

wheel sensor, i.e. āk(t) for t ∈ [tw1,k, tw2,k + δ] is the vertical acceleration induced

by the bogie bk where tw1,k is the time instant the first wheel passes over the

accelerometer, tw2,k is the time instant the second wheel passes over the sensor

and 0 < δ < tw1,k+1. The acceleration āk(t) is the signal fed to the EMD algorithm.

The IMFs are extracted using the sifting process originally presented in [102] and

summarized in Algorithm 1. The stop conditions in the EMD algorithm (lines 3

and 12) are the following: (1) the overall sifting process stops when the residual

r(t) is smaller than a predetermined threshold ε1 or if r(t) has become a monotonic

function of time; (2) the sifting process associated with the j-th IMF stops when

the standard deviation SD of two consecutive sifting components is smaller than

ε2 = 0.2 − 0.3. The obtained IMFs are then utilized as inputs to the identification

process to estimate a low-complexity behavioural model for each train passage.

C.3.2 N4SID Subspace Identification Method

In [74] the identification of a low-complexity behavioural model based on vertical

acceleration data collected during a receptance test in unloaded conditions was

addressed by exploiting the Eigenstructure Realization Algorithm (ERA). The ERA

method assumes that the identification data set represents the dynamics of the system

to be identified in free vibration. This hypothesis cannot be met with data collected

during train passage for two main reasons: (1) as the train passes over the turnout

the infrastructure becomes loaded and this introduces vibrations constraints; (2)

the time interval between two successive excitations from two adjacent wheels in a

bogie is shorter than the time needed for the measured acceleration to be completely

damped. Therefore the N4SID algorithm for state space system identification is

employed. This subspace identification method was proposed for LTI systems in

order to identify a state space model representing the input/output behaviour of

a system [103]. For the j-th IMF extracted from the EMD algorithm, the past and

future output data in the N4SID algorithm (i.e. Yp and Yf ) are constructed as

Yp = (imf j)0|k−1 and Yf = (imf j)k|2k−1. Since the input signal (train excitation)

is unknown, the past and future input vectors in the identification procedure (i.e.
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Algorithm 1: Empirical Mode Decomposition
Data: Track vertical acceleration āk(t)
Result: Set of intrinsic mode functions Ik = {imf1, . . . , imfm}

1 Residual r(t)← āk(t);
2 i← 1;

3 while r(t) > ε1 do

4 h10(t)← r(t);
5 j ← 1;

6 repeat

7 Find all local extrema h1(j−1)(t);
8 Find the upper and lower envelopes by spline interpolation of the

local extrema;

9 Compute the mean value m(t) between the lower and upper

envelopes;

10 Subtract the mean value from the original signal

h1j(t) = h1(j−1)(t)−m(t);
11 Compute

SD =
tw2,k+δ∑
t=tw1,k

|h1(j−1)(t)− h1j(t)|2

h2
1j(t)

j ← j + 1;

12 until SD > ε2;

13 imfi(t)← h1(j−1)(t);
14 r(t)← r(t)− imfi(t);
15 i← i+ 1;

16 end

Uf and Up) are set to zero. Defining Wp as [UT
p YT

p ]T , the N4SID identification

algorithm read ( [104])

1. Compute the oblique projection of Yf onto Wp along Uf (i.e. ξ) by using

Eq. (C.1) and the LQ decomposition in Eq. (C.2)

ξ = Ê||Uf
{Yf |Wp} = R32R†22Wp = OkXf (C.1)

Uf

Wp

Yf

 =

R11 0 0
R21 R22 0
R31 R32 0


Q̄T

1

Q̄T
2

Q̄T
3

 , (C.2)
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where R†22 is the pseudo-inverse of R22. Ok is the extended observability

matrix and Xf is the future state vector.

2. Compute the state vector Xf using the singular value decomposition of ξ (see

Eq. (C.4)) and define X̄k+1, X̄k, Ȳk|k, Ūk|k.

ξ = U1Σ1VT
1 = OkXf (C.3)

Ok = U1Σ
1
2
1 T (C.4)

Xf = T−1Σ
1
2
1 V−1

1 , (C.5)

where Xf = [x(k), x(k + 1), ..., x(k +N − 1)] ∈ Rn×N .

3. Compute the matrices Â, B̂, Ĉ, D̂ by solving the regression equation using

least-squares techniques.[
Â B̂
Ĉ D̂

]
=

[X̄k+1

Yk|k

][
X̄k

Ūk|k

]T[ X̄k

Ūk|k

][
X̄k

Ūk|k

]T−1

(C.6)

where X̄k+1 ∈ Rn×N−1 is the estimated future states, Yk|k ∈ Rp×N−1 is the

future output data, Ūk|k ∈ Rm×N−1 is the future input data.

C.3.3 Frequency Estimation

For the j-th IMF a canonical realization of the second order discrete-time state

space model can be defined as follows,x̂j(k + 1) = Âjx̂j(k)

ŷj(k) = Ĉjx̂j(k)
. (C.7)

Âj and Ĉj are defined in terms of natural frequency (ωn) and damping factor (ζ) in

the following equation,

Âj = exp(
[

0 1
−ω2

n −2ζωn

]
× Ts) , Ĉj =

[
1 0

]
. (C.8)

The resonance frequency and the damping factor corresponding to the model identi-

fied for the j-th IMF can be computed by means of eigenvalue analysis

wnj = | ln(λ1(Âj)) |
2πTs

, ζj = −Re(ln(λ1(Âj))/Ts)
| ln(λ1(Âj))/Ts |

, (C.9)

where Ts is the sampling time and λ1(Âj) is the first eigenvalue of the complex pair

associated with the matrix Âj .
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C.4 Low-complexity Behavioural Model

By applying the methodology proposed in the previous section to the mea-

sured track vertical acceleration in response to train passages, a low-complexity

behavioural model capturing the ballast and railpad dynamics of the turnout is

now developed. According to the literature (see e.g. [77]) and the analysis of the

receptance test presented in [74], the frequency interval containing the resonance

frequencies of the track infrastructure is [0, 1000]Hz. Therefore, the measured data is

pre-filtered using a low-pass filter with the cut-off frequency of 1000 Hz. As discussed

in Section C.3, the filtered acceleration response is then split into time segments

corresponding to a bogie. For each time segment the EMD algorithm is used to

produce IMFs, which in turn are considered as an identification data set. The N4SID

method is then applied to each identification dataset for identifying a proper state

space model representing the dominant behaviour of the measured acceleration.

According to the literature [77] the first and second resonance frequencies of the

track corresponding to the flexibility of the ballast and railpad are found in the

ranges of [50 , 300] Hz and [200 , 600] Hz, respectively. Since each IMF represents

one simple oscillatory mode of the original signal, a 2nd order model is identified

for each IMF. Figure C.5 shows an example of the acceleration response recorded for

a passage of two adjacent wheels and the four IMFs extracted. Performing the latter

analysis for each IMF, it can be shown that only the excited frequencies calculated

for the second and fourth IMFs are within the frequency range in which the track

resonance frequencies are expected.

C.4.1 Model Validation and Robustness

The discrete time state space realization of the identified models for imf2 and

imf4 associated with the data set shown in Fig. C.5 are

M2 :


Â2 =

[
0.9976± 0.1845e−3 0.0592± 0.1787e−3

−0.0592± 0.1787e−3 0.9976± 0.1845e−3

]
Ĉ2 =

[
0.7073± 0.6536e−4 −0.0209± 0.6352e−4

] (C.10)

M4 :


Â4 =

[
0.9812± 0.4030e−3 0.1757± 0.3918e−3

−0.1757± 0.3918e−3 0.9812± 0.4030e−3

]
Ĉ4 =

[
0.7082± 0.1449e−3 −0.0627± 0.1405e−3

] (C.11)

M2 and M4 are then combined through the output into a unified model M able

to predict the dominant behaviour of the measured acceleration in relation to the
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Figure C.5: Track response to a passage of two adjacent wheels (IR4 train travelling

at 158km/h) and the four extracted IMFs.

ballast and railpad components

M :


Â =

[
Â2 0

0 Â4

]
Ĉ =

[
Ĉ2 Ĉ4

] . (C.12)

It is worth noting that since the train load (input to the model) is not available for

measurement, the output is estimated by using only the Â and Ĉ matrices. Therefore,

the initial conditions are required to be estimated iteratively for each wheel passage.

To assess the robustness of the final model, its capability in predicting the measured

accelerations in response to another train excitation recorded at the turnout position

A4 is evaluated. The comparison between measured acceleration and predicted

output is shown in Fig. C.6 and the fitting score is 77% for this particular dataset.
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ā

Figure C.6: Comparison of the measured (blue) and predicted accelerations (red) in

correspondence to an IR4 train passage at 120km/h. (Top) The whole train passage,

(Bottom) Zoomed in of a bogie passage.

C.5 Statistical characteristic of the track resonances

To find a single value representing the first (second) resonance frequency of the

track subject to train passage, the median calculated over all observations (i.e., all

values extracted as first (second) frequency from different time segments) is taken

into account. In other words, median of all extracted ωn,i1 and ωn,i2, where i is

the time segments counter, is calculated. The first and second resonances obtained

based on the analysis of the track response shown in Fig. C.5 are only one sample

among many others. Therefore, acceleration response of the track to a pool of train

excitations (200 IC3 trains and 200 IR4 trains with the speed ranging from 120 km/h

to 160km/h) has been used for further analysis. The described estimation procedure

is then applied to the recorded track acceleration responses and a probability density

function (PDF) is found for each resonance frequency. Figures C.7-C.10 show the

PDF and the probability plot for the first and second resonances. The vertical

dashed-line in these figures represents the track resonance computed by using the
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Figure C.7: Statistical characteristic of the first track resonance; IC3 trains.
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Figure C.8: Statistical characteristic of the second track resonance; IC3 trains.

receptance test data [74]. Using the Kolmogorov-Smirnov (K-S) goodness-of-fit test

with a confidence level of 95%, the p-value is calculated as, 0.719, 0.2248, 0.4213

and 0.0522 for the fitted normal distributions. This emphasizes that statistical

characteristic of the track resonances can be represented as normal distribution.
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Figure C.9: Statistical characteristic of the first track resonance; IR4 trains.

C.5.1 Discussion

The method proposed in this paper can be employed successfully to generate the

statistical description of railway track resonances using vibration data relative to

train passage. The statistical model provides a robust description of the infrastructure

dominant behaviour in relation to uncontrollable parameters as train speed, wheel

load, environmental conditions, etc. Further, the statistical model may be exploited

for long-term monitoring of infrastructure characteristics through e.g. recursive

updating of the obtained PDFs. The mean value of the PDFs in these figures are

close to the first and second resonances of the track obtained in [74], by performing

a receptance test at the Tommerup station (ωn,1 = 167.59Hz and ωn,2 = 549.96
Hz). Last, the statistical model opens for wide opportunities to design novel change

detectors to address the occurrence of faults and/or wear at the ballast and railpad

level. These methods will be inherently data-driven to increase the portability of the

condition monitoring system across different S&Cs in the railway network.

C.6 Conclusion

A low-complexity behavioural model capable of predicting the dynamic response

of a railway turnout around the switch panel was identified by using the measured

track vertical acceleration. This was carried out by proposing a novel estimation

scheme based on the combination of the empirical mode decomposition and the

N4SID subspace identification method. The model identified for the track response
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Figure C.10: Statistical characteristic of the second track resonance; IR4 trains.

to a train passage was then employed to estimate railway track resonances. The

robustness and validity of the model were demonstrated by testing the capability

of the identified model to predict the dominant behaviour of a new set of data

measured during the passage of a different train. Statistical properties of the

resonance frequencies were then obtained by considering a pool of IR4 and IC3

trains, and finding a probability density function fitted to each resonance frequency.

The findings of the current study can be used as a basis for portable and predictive

condition monitoring of railway switches and crossings.
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Abstract:

Turnout is a key element of the railway infrastructure whose reliability and avail-

ability are of high importance. Ensuring the proper functionality of turnouts is a

key step towards increasing the capacity and safety of the network and eventually

making railway a more attractive mode of transport. The continuous availability of

turnouts in railway network may be guaranteed through maintaining the railway

infrastructure. Current maintenance policies are very costly as they are mostly

reactive or periodic. Replacing the current maintenance policies with predictive

ones will reduce the associated costs. Moreover, it will reduce the traffic disruptions

caused by maintenance and renewal actions. Developing a condition monitoring

tool capable of assessing the infrastructure health state is essential for providing a

predictive maintenance strategy. Such a monitoring system must be able to iden-

tify, and eventually predict, the degradation process occurring in different track

components. As the first step towards developing a monitoring tool for the pre-

dictive maintenance of a railway turnout, this paper proposes a statistical model

describing the dynamic behavior of two key components (railpad and ballast) for

the entire turnout. The proposed model is obtained first by employing train-induced

vibration data collected at different locations along a railway turnout, and then

estimating the track resonances through an estimation scheme based on empirical

mode decomposition and subspace identification. Statistical characteristics of the
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resonance frequencies associated with the ballast and the railpad are extracted by

evaluating the acceleration response of the entire turnout induced by passenger

and freight trains. The low-complexity statistical model obtained based on the

proposed model estimation framework contributes to the development of condition

monitoring systems for diagnosis and prognosis of degradation processes in the

railway’s turnout.
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D.1 Introduction

Continuous availability of the infrastructure components in a railway network

and increasing the capacity of the network can be guaranteed through employing

optimized maintenance strategies. Ensuring the availability and safety of the net-

work based on current maintenance policies leads to a high O&M cost, reported as

hundreds of millions Euro on a yearly basis [2, 3]. Capacity and safety of railway

network is affected significantly by the performance and the health state of switches

and crossings (S&Cs). According to the 2014 RSSB Annual Safety Performance Re-

port [11, Section 8.5], 31% of the track-related derailments in the period 2009–2014

in Great Britain were caused by S&Cs malfunctioning. Therefore, a considerable frac-

tion of the total infrastructure maintenance expenses is associated with maintenance

and renewal actions of S&Cs. This is estimated by the Danish railway infrastructure

manager, Banedanmark, as one third of the total yearly maintenance costs.

The railway turnout is a complex system whose performance depends significantly

on the dynamic behavior of its components. Failure of the turnout can be caused

by degradation of one or more of these components. According to the failure data

recorded in the UK in 2009 [12, Chapter 7], ballast is the third most common failed

component (with a failing frequency of 7.9%) after the switch rail (45.3%) and the

slide chair (30.4%). This shows the importance of developing a condition monitoring

tool capable to issue early warnings of deterioration processes and diagnose occur-

rence of faults in infrastructure components. Current reactive/periodic maintenance

policies can be replaced with a predictive one by exploiting such a monitoring tool.

This will lead to the further development of railway as an efficient mode of transport

playing a key role in the future of sustainable transport systems in Europe.

D.1.1 State of the art

Evaluation of the infrastructure condition has been an important subject of study

in the recent years. Different tools and techniques have been proposed by scientists

for this purpose. In some research studies, a number of direct methods have been

employed. These methods mainly rely on the direct evaluation of the condition of

the infrastructure components through measuring their physical properties. Ground

penetrating radar (GPR), the cone penetration test (CPT) and visual inspection have

been employed as direct techniques for evaluation of the track condition in [35, 36,

37, 38, 39, 40, 41]. Although these techniques can provide railway infrastructure

managers with some information about the infrastructure condition, they have few

drawbacks that should be taken into consideration. The performance of the GPR

technique in providing good resolution depends on proper selection of the frequency
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range of the electromagnetic waves. The CPT is a destructive and time consuming

test interrupting train operations. The visual inspection is only effective for detection

of surface defects. Analysis of the ballast and subgrade condition by employing

indirect methods has been proposed by researchers in different studies. Indirect

methods rely on intelligent processing of measured data collected by either measure-

ment vehicles or track-side measurement systems. Track stiffness has been used as a

potential indicator of railway tack quality in most of these studies. Track Loading

Vehicle (TLV) [105], moving rail car [43], railway Portancemetre [44] and rolling

stiffness measurement vehicle (RSMV) [35, 36] are the main measurement cars

which have been used in the past to obtain railway track stiffness for the monitoring

purposes. Assessment of the track condition through extracting dynamic properties

of railway track from field measurements by using a model-based technique has been

proposed as another alternative to direct methods. Kaewunruen and Remennikov

[106] and Remennikov et al. [67] employed a model-based technique for the analysis

of structural degradation of rail pads and estimated the yearly deterioration rate.

They extracted effective mass, dynamic stiffness and damping ratio of new and worn

pads based on an analytical formulation, derived from a single-degree-of-freedom

(SDOF) model, and data obtained from hammer excitation measurements. The

same technique was utilized in [62] for further investigation of dynamic behavior

of rail pads under large preloads. Burrow et al. [107] proposed the combination

of the falling weight deflectometer (FWD) test and a finite element model as an

inverse method for the condition evaluation of ballasted railway tracks. Suitability

of a two-degrees-of-freedom (2-DOF) model in combination with hammer excitation

measurements for detecting cracked sleepers and broken fastening systems along a

railway track was investigated in [24]. In a research study conducted by Fesharaki-

fard et al. [108], a practical method was proposed as a potential tool for diagnostic

applications. Employing the proposed method, mechanical properties of rail and the

substructure were estimated through minimizing the difference between measured

frequency response function (FRF) and simulated FRF obtained from a discretely

supported Euler beam model.

Detection of degradation of the ballast layer by employing complex mechanical

models in combination with Bayesian updating algorithms has been carried out

recently by Lam et al. [45, 46, 47]. The proposed methods were validated based on

acceleration data obtained from field measurements. Large dimensionality of the

mechanical model can be considered as the main drawback of these methods, as it

may result in the design of highly complex diagnostic tools. Barkhordari et al. [74]

instead proposed a low-complexity behavioural model of railway turnout capable

to predict dominant behavior of ballast and railpad. The model was estimated by
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applying the Eigenstructure Realization Algorithm (ERA), a subspace identification

method, to vibration data collected during a receptance test. The capability of the

proposed model was verified by examining its performance in prediction of the

dominant behavior of the track subjected to the loading of a passing train. Despite

the good prediction capability, the approach proposed in [74] relies on the execution

of an experimental campaign which is rarely performed by railway infrastructure

managers.

Low-complexity data-driven behavioural models which contain the dynamic charac-

teristics of main track components are industrially appealing since the low parametriza-

tion will enable easy tuning and guarantee high portability across the entire railway

network despite natural presence of uncertainties due to e.g. geographical location

and physical age of the components. Moreover, a simpler and more robust moni-

toring tool for diagnosing faults and prognosing failures can be designed by using

low-complexity behavioural models.

D.1.2 Main contribution

This work presents a novel statistical model which is capable of describing the

dynamic characteristics of two key infrastructure components (railpad and ballast)

along the entire turnout. The estimation scheme proposed in the present study relies

on train-induced vertical acceleration data collected by a track-side measurement

system. Therefore, the limitations introduced by unconventional experimental

campaigns such as the receptance test can be avoided by using this approach. The

empirical mode decomposition (EMD) is combined with numerical algorithms for

subspace state space system identification (N4SID) in the proposed scheme in order

to estimate second order models for extracted intrinsic mode functions (IMFs) related

to ballast and railpad. By taking advantage of the obtained models, the estimation

of natural frequencies of the infrastructure components is carried out through

eigenvalue analysis. In order to take into account the presence of uncontrollable

external factors – quality of the train’s wheels, meteorological conditions, train

load and speed –, it is necessary to statistically characterize the natural frequencies

of the ballast and railpad. This is performed by exploiting acceleration signals

induced by the IC3, IR4, freight trains during monthly periods. It is shown that

the statistical characteristics of the track resonances can be well approximated by

using the generalized extreme value (G) distributions. Furthermore, the obtained

distributions are validated against the value of track resonances estimated based on

the receptance test. The statistical models obtained in this study can be used for

describing the vibration characteristics of railway track at different locations along

the turnout.
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All measured data presented in the paper are anonymized to comply with the policy

of the Danish railway infrastructure manager.

D.2 Track side measurement set-up

As part of the INTELLISWITCH project a switch and crossing in the Danish railway

infrastructure is instrumented with different sensors including 3 wheel detectors,

12 2-axis accelerometers (measurement range: ±500g) and 3 displacement sensors

(measurement range: ±20mm). All sensors are connected to a data acquisition unit

where signals are conditioned and temporarily stored. A schematic overview of the

sensors installed along the S&C is shown in Fig. D.1. The wheel detectors are used
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Figure D.1: Layout of the sensors location along the turnout at Tommerup station

(Fyn - Denmark). The data utilized in this work refer to vertical accelerations

measured by accelerometer A2, A4, A7 and A11 locations.

to automatically start/stop the data collection during the passage of trains through

the turnout. The accelerometers are magnetically mounted on the rail web and

measure the train-induced acceleration response in vertical and lateral directions.

The displacement sensors are utilized for measuring the vertical motion of the

sleepers. All measured data sets are sampled at the sampling frequency Fs = 20kHz
in the data acquisition unit. The instrumented S&C and a representative of each

sensor type are shown in Fig. D.2. A railway turnout consists of three main parts: the

switch panel, the closure panel and the crossing panel. The present study is intended

to provide low-complexity statistical models capable of predicting the dynamic

behavior of track components in the three main areas along the entire turnout. In

particular, vertical acceleration signals measured at locations A2, A4, A7 and A11

(see Fig. D.1) are considered for this study. As an example, the normalized vertical

acceleration measured at location A7 and the time-shifted output of the wheel

detector are shown in Fig.D.3. The represented acceleration signal is normalized

according to ā = a/max(|a|). The time-shifted outputs of the wheel detector
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(a) Overview of the turnout in proximity of Tom-
merup station

(b) Accelerometer A5 magnetically connected to
the rail web

(c) Displacement sensor resting on the sleeper (d) Wheel detector mounted on proximity of the
rail web

Figure D.2: Pictures of the instrumented S&C nearby Tommerup station (Fyn -

Denmark).

are used to find the time instants at which train bogies are passing through the

measurement locations A2, A4, A7 and A11. The time delay τ for each measurement

location is obtained based on the distance from the wheel detection sensor and the

train speed. The time synchronization between the wheel detector signal WS(t)
and the vertical acceleration ā(t) allows the automatic slicing of the acceleration

signals into segments corresponding to each train bogie for the model identification

presented in Section D.3.

D.3 Proposed scheme for estimation of track resonances

One possible approach for condition monitoring of railway infrastructure is the

continuous evaluation of the track resonance frequencies. The first and second track
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Figure D.3: The track acceleration response to a passenger train (IC3) and the wheel

detector signal at location of A7.

resonances are particularly examined in this study as they correspond to the in phase

vibration of rail and sleepers on ballast stiffness and the out of phase vibration on

the flexibility of railpad, respectively. Determination of the resonance frequencies

based on the train induced vibration data is a challenging task. In this section, a new

method for robust estimation of the track vibration characteristics is proposed by

combining a signal processing technique with a subspace identification algorithm.

The schematic of the method is presented in Fig. D.4.

D.3.1 Empirical Mode Decomposition

Empirical mode decomposition (EMD), originally presented in [102], is a signal

processing technique decomposing a signal into its so-called intrinsic mode functions.

It is employed in this study to extract fundamental oscillatory modes representing

the dynamic behavior of the track in relation to the ballast and railpad layers.

Consider ā(t) for t ∈ [t0, t1], where t0 and t1 are the time instants when the train

enters and leaves the turnout, as a measured track vertical acceleration induced by
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Figure D.4: Block diagram of the estimation scheme for ballast and railpad natural

frequencies.

train T consisting ofNb bogies. The acceleration signal is first low-pass filtered with a

cut-off frequency of 1 kHz and then sliced at every bogie passage before being fed to

the EMD algorithm. This cut-off frequency is specifically chosen since the frequency

interval which contains the first and second track resonances is [0, 1000]Hz [77].

For the turnout being studied here, this was also verified in [69] by performing

receptance tests. To slice the signal, the time-shifted output of the wheel sensor is

used. The k-th slice of the acceleration signal (āk(t)) corresponding to the passage

of k-th bogie (bk) is ā(t) in t ∈ [tw1,k, tw2,k + δ], where tw1,k and tw2,k are the time

instants when the first and second wheels of the bogie pass the accelerometer and

0 < δ < tw1,k+1. It must be noted that the response of the track to each passing

wheel is not considered individually since the signal is not completely damped

in between the wheel passages and, therefore, the responses to two successive

wheels are not entirely distinguishable from each other (see the example shown

in Fig. D.3). Applying the EMD algorithm summarized in Algorithm 2 to each

slice of the acceleration signal, the IMFs are obtained. Two stopping criteria are

defined in the algorithm. The first criterion is used to stop the overall sifting process,

when Qresidual is smaller than a desired value ε1 = 45 − 50 dB. The second one

stops the sifting process associated with the j-th IMF, when Qresolution (i.e. the

energy ratio of the signal in each iteration to the average of the envelopes) is larger

than ε2 = 45− 50 dB. The IMFs extracted from the EMD algorithm are utilized as

identification datasets to estimate low-complexity behavioral models for different

locations along the turnout.
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Algorithm 2: Empirical Mode Decomposition adopted from [109]
Data: Track vertical acceleration āk(t)
Result: Set of intrinsic mode functions Ik = {IMF1, . . . , IMFm}

1 Residual r(t)← āk(t);
2 i← 1;

3 while Qresidual < ε1 do

4 h10(t)← r(t);
5 j ← 1;

6 repeat

7 Find all local extrema h1(j−1)(t);
8 Extrapolate the exterma;

9 Find the upper and lower envelopes by spline interpolation of

the local extrema;

10 Compute the mean value m(t) between the lower and upper

envelopes;

11 Compute Qresolution ;

12

Qresolution = 10log10

∥∥h1j(t)
∥∥2∥∥m(t)
∥∥2


Subtract the mean value from the original signal

h1j(t) = h1(j−1)(t)−m(t);
13 j ← j + 1;

14 until Qresolution > ε2;

15 IMFi(t)← h1(j−1)(t);
16 r(t)← r(t)− IMFi(t);
17 Compute Qresidual ;

18

Qresidual = 10log10

∥∥āk(t)
∥∥2∥∥r(t)∥∥2


i← i+ 1;

19 end
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D.3.2 N4SID Subspace Identification Method

A low-complexity behavioral model for characterizing the dominant behavior of

a railway turnout was identified in [69] by applying the Eigenstructure Realization

Algorithm (ERA) to the track vertical accelerations measured during a receptance

test. The ERA method is based on the assumption that the identification dataset is

constructed exploiting the free vibration response of the system. The response of

the track under the moving wheel loads is a forced vibration response in which the

time interval between two successive wheel excitations is less than the time needed

for the measured acceleration to be fully damped (As an example, see Fig. D.3).

Therefore, the ERA method is not appropriate for the purpose of this study. The

N4SID method is used to estimate a state space low-complexity model representing

dominant behavior of the measured train-induced vertical acceleration. N4SID is a

subspace identification technique which is widely used for identifying state space

models representing input/output behavior of LTI systems [103]. A second order

model is sufficient to represent the behavior of each IMF containing one dominant

oscillatory mode of the system. For the j-th IMF extracted from the EMD method a

canonical realization of the discrete-time state space model is given as,x̂j(k + 1) = Âjx̂j(k)

ŷj(k) = Ĉjx̂j(k)
. (D.1)

The past and future output data in the N4SID algorithm can be defined for the as

Yp = (IMF j)0|k−1 ∈ Rk×N and Yf = (IMF j)k|2k−1 ∈ Rk×N . Since the input

signal (i.e., train excitation) is unknown in the current study, the past and future

input vectors in the identification algorithm (i.e., Uf ∈ Rk×N and Up ∈ Rk×N ) are

considered to be zero.

The N4SID algorithm consists of the following steps [104]:

1. Define Wp as,

Wp =
[
Up

Yp

]
∈ R2k×N (D.2)

2. Construct Yp and Yf as,

Yp =


IMFj(0) IMFj(1) . . . IMFj(N − 1)
IMFj(1) IMFj(2) . . . IMFj(N)

...
...

. . .
...

IMFj(k − 1) IMFj(k) . . . IMFj(k +N − 2)

 ∈ Rk×N
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Yf =


IMFj(k) IMFj(k + 1) . . . IMFj(k +N − 1)

IMFj(k + 1) IMFj(k + 2) . . . IMFj(k +N)
...

...
. . .

...

IMFj(2k − 1) IMFj(2k) . . . IMFj(2k +N − 2)

 ∈ Rk×N

3. compute the oblique projection of Yf onto Wp along Uf (i.e., ξ) by using

Eq. (D.3) and the LQ decomposition in Eq. (D.4),

ξ = Ê||Uf
{Yf |Wp} = R32R†22Wp = OkXf (D.3)

Uf

Wp

Yf

 =

R11 0 0
R21 R22 0
R31 R32 0


Q̄T

1

Q̄T
2

Q̄T
3

 , (D.4)

where R11 ∈ Rk×k and R22 ∈ R2k×2k are upper triangular, and Q̄1 ∈ RN×k,

Q̄2 ∈ RN×2k and Q̄3 ∈ RN×k are orthogonal matrices. R†22 is the pseudo-

inverse of R22, Ok ∈ Rk×2 is the extended observability matrix and Xf the

future state vector.

4. Compute the state vector Xf using the singular value decomposition of ξ,

ξ = U1Σ1VT
1 = OkXf

Ok = U1Σ
1
2
1 T

Xf = T−1Σ 1
2 1V−1

1 ,

(D.5)

where Xf = [x(k),x(k + 1), ...,x(k +N − 1)] ∈ R2×N .

5. Consider the regression equation,[
X̄k+1

Ȳk|k

]
=
[
Aj Bj

Cj Dj

][
X̄k

Ūk|k,

]
(D.6)

with X̄k+1, X̄k, Ūk|k and Ȳk|k defined as

X̄k+1 = [xj(k + 1), ...,xj(k +N − 1)] ∈ R2×N−1,

X̄k = [xj(k), ...,xj(k +N − 2)] ∈ R2×N−1,

Ūk|k = [u(k), u(k + 1), ..., u(k +N − 2)] ∈ R1×N−1,

Ȳk|k = [IMFj(k), IMFj(k + 1), ..., IMFj(k +N − 2)]

∈ R1×N−1.

(D.7)

X̄k+1 is the estimated future states, Yk|k the future output data, and Ūk|k the

future input data.
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6. Compute the matrices Â, B̂, Ĉ, D̂ through solving the regression equation by

using the least-squares technique,

[
Âj B̂j

Ĉj D̂j

]
=

[X̄k+1

Ȳk|k

][
X̄k

Ūk|k

]T[ X̄k

Ūk|k

][
X̄k

Ūk|k

]T−1

. (D.8)

D.3.3 Frequency Estimation

The system and output matrices (Âj and Ĉj) in the second order model identified

for the j-th IMF can be expressed in terms of natural frequency (ωnj) and damping

factor (ζj),

Âj = exp(
[

0 1
−ω2

n −2ζωn

]
× Ts) , Ĉj =

[
1 0

]
. (D.9)

Performing the eigenvalue analysis, the resonance frequency and the damping factor

can be extracted as,

ωn = | ln(λ1(Âj)) |
2πTs

, ζ = −Re(ln(λ1(Âj))/Ts)
| ln(λ1(Âj))/Ts |

, (D.10)

in which Ts is the sampling time and λ1(Âj) is the first eigenvalue of the complex

pair associated with the matrix Âj .

In order to obtain a single estimation of the resonance frequencies for each train

passage (ω̂n,1, ω̂n,2), the median is taken over all the estimations extracted from the

signal slices (see Fig. D.4).

D.4 Implementation of the proposed method

The proposed method is now applied to the measured train-induced acceleration

data to develop low-complexity behavioural models describing the dynamic behavior

of the track at locations A2, A4, A7 and A11 along the turnout. As an example,

the track acceleration response corresponding to the passage of a bogie through

location A7, and its extracted IMFs are shown in Fig. D.5. The IMFs which represent

the dynamic characteristics of the track in connection with the ballast and railpad

layers can be selected based on the frequency intervals in which the first and second

track resonances are contained. The first and second track resonances are found in

the ranges of [50 , 300] Hz and [200 , 700] Hz, respectively [69, 77]. By performing

a frequency analysis for the extracted IMFs, it can be shown that the second and

the fourth IMFs (IMF2 and IMF4) are the only IMFs with the dominant frequency

component lying within these frequency ranges.
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Figure D.5: Track response to a passage of two adjacent wheels (IC3 train travelling

at 158km/h) and the four extracted IMFs.

The low-complexity behavioral models identified for IMF4 and IMF2 (ballast and

railpad) can be formulated in the following general form,

Mb :


Âb =

[
ab11 ab12

ab21 ab22

]
Ĉb =

[
cb11 cb12

] Mp :


Âp =

[
ap11 ap12

ap21 ap22

]
Ĉp =

[
cp11 cp12

] . (D.11)

The indices b and p in the latter equation are used to denote ballast and railpad. Mb

and Mp are combined through the output into a unified model M which is capable

to capture the dominant behavior of the measured train-induced acceleration in
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relation to the ballast and railpad components,

M :


Â =

[
Âb 0

0 Âp

]
Ĉ =

[
Ĉb Ĉp

] . (D.12)

To evaluate the prediction capability of the identified model (Eq. D.12), the

output of the model has to be calculated and compared with the measured data. As

mentioned earlier in subsection D.3.2, the input signal (train excitation) is unknown

for the case being studied here. To obtain the output of the identified model, it is

therefore necessary that the initial conditions associated with each wheel passage

are estimated iteratively. The estimated initial conditions can then be used along

with the estimated state and output matrices (Â and Ĉ) to find the output of the

identified model,

âi = ĈÂix̂0, i ∈ N (D.13)

D.4.1 Model Validation and Robustness

Considering the response of the track at different locations (A2, A4, A7 and

A11) collected during the passage of an IC3 train of speed 158 km/h, the discrete

time state space realization of the models identified for IMF4 and IMF2 and 95%

confidence interval of the state and output matrices are obtained and presented in

Tables D.1 and D.2. The robustness and validity of the models identified for different

locations are investigated by comparing the predicted output of the models with the

measured data collected during the passage of another IC3 train with the same speed.

Figure D.6 shows the comparison between the measured and predicted accelerations

for location A7. It can be seen that the identified model is capable of predicting

the dominant dynamics of the track at this location. Dynamic characteristics of

the identified models including the eigenvalues, natural frequencies and damping

factors are presented in Table D.3. The performance of the models in predicting the

measured accelerations at different locations is evaluated through calculating the

fitting score in terms of percentage, as given in the following equation,

fit = 100× 1−‖a− â‖
‖a− ā‖

, (D.14)

where a and â are the measured and estimated accelerations, and ā is the mean

value of the measured acceleration. The values obtained from the latter equation

for the data recorded during the passage of a batch of 10 IC3 trains with the same

speed, are averaged to calculate the overall fitting scores provided in Table D.3. The

results show that the identified models are capable to predict the behavior of the
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Figure D.6: Comparison of the measured (blue) and predicted accelerations (red) in

correspondence to an IC3 train passage at 158km/h. (Top) The whole train passage,

(Bottom) Zoomed in of a bogie passage.

measured accelerations with the accuracy of more than 63% at locations A2, A4 and

A11, and 49% at location A7.

D.5 Statistical characteristic of the track resonances

The estimation of the first and second resonance frequencies provided in the

previous section has been obtained by analyzing the track response to the passage of

one IC3 train. It is therefore one sample among many others. In order to provide a

robust estimation of the vibration behavior of the track along the turnout, a further

analysis is carried out and the acceleration signals induced by three different types

of trains (IC3, IR4 and freight) during a one-month period are selected. It must

be noted that only trains with travelling speed between 150km/h and 160 km/h

are considered in the analysis. This speed range is chosen based on the result of a

sensitivity analysis performed in [69], indicating that high speed trains can better

excite the track resonances. The proposed estimation scheme is then applied to the
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Table D.1: Estimated parameters of the identified models for the ballast layer

Section Âb Ĉb

A2

[
0.9983 ± 0.0006 0.0443 ± 0.0007

−0.0443 ± 0.0007 0.9983 ± 0.0006

] [
0.7074 ± 0.0242 −0.0157 ± 0.0287

]

A4

[
0.9980 ± 0.00009 0.0535 ± 0.0012
−0.0535 ± 0.0012 0.9980 ± 0.00009

] [
0.7073 ± 0.0003 −0.011 ± 0.0004

]

A7

[
0.9983 ± 0.0003 0.0300 ± 0.0009

−0.0300 ± 0.0009 0.9983 ± 0.0003

] [
0.7072 ± 0.00004 −0.0106 ± 0.00007

]

A11

[
0.9974 ± 0.0003 0.0582 ± 0.0003

−0.0582 ± 0.0003 0.9974 ± 0.0003

] [
0.7074 ± 0.0004 −0.0206 ± 0.0004

]

Table D.2: Estimated parameters of the identified models for the railpad layer

Section Âp Ĉp

A2

[
0.9798 ± 0.0021 0.1697 ± 0.0018

−0.1697 ± 0.0018 0.9798 ± 0.0021

] [
0.7092 ± 0.0008 −0.0600 ± 0.0007

]

A4

[
0.9851 ± 0.0008 0.1539 ± 0.0003

−0.1539 ± 0.0003 0.9851 ± 0.0008

] [
0.7082 ± 0.0001 −0.0548 ± 0.0001

]

A7

[
0.9680 ± 0.0063 0.2105 ± 0.0037

−0.2105 ± 0.0037 0.9680 ± 0.0063

] [
0.7105 ± 0.0022 −0.0756 ± 0.0021

]

A11

[
0.9801 ± 0.00043 0.1684 ± 0.0004
−0.1684 ± 0.0004 0.9801 ± 0.00043

] [
0.7091 ± 0.00016 −0.0601 ± 0.00014

]

acceleration signals in each category (IC3, IR4 and freight trains) in order to obtain

the statistical characteristics of the first and the second track resonances (ωn1, ωn2).

Figures D.7 and D.8 show the histogram and the probability plot for ωn1 and ωn2

at location A7. The vertical dash-lines in these figures show the values of the first

and second resonance frequencies (ωn,1 ' 99 Hz, ωn,2 ' 616 Hz) extracted from a

hammer test performed at location A7 within the same period [69]. It can be seen

that these values lie within two standard deviations from the mean values of the

obtained PDFs.
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Figure D.7: Statistical characteristic of the first track resonance at location A7; For

Freight, IR4 and IC3 trains.
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Figure D.8: Statistical characteristic of the second track resonance at location A7;

For Freight, IR4 and IC3 trains
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Table D.3: Modal characteristics of the identified models and their prediction capa-

bility.

Section λ [-] ωn [Hz] ζ [-] Fit [%]

A2
0.9983 ± 0.0443i 141.3151±1.9852 0.0170 65.3
0.9798 ± 0.1679i 546.1867 ± 4.3221 0.0328

A4
0.9980 ± 0.0535i 170.6385 ± 3.6408 0.0106 68.42
0.9851 ± 0.1539i 493.5009 ± 1.600 0.0191

A7
0.9983 ± 0.0300i 95.7096 ± 2.7984 0.0416 48.35
0.9680 ± 0.2105i 682.2822 ± 6.6074 0.0441

A11
0.9974 ± 0.0582i 185.5176 ± 0.8853 0.016 63.84
0.9801 ± 0.1684i 541.9173 ± 1.0399 0.033

The statistical characteristics of the track resonances are approximated with GEV

distributions for different locations along the turnout.

Assume that the vectors of the estimated first and second track resonances (ωn,i,

i = 1, 2) are a realization of a random process, then the distribution of N IID

(independent and identically distributed) samples of ωn,i can be described by the

following PDF,

G(ωn,i) = 1
σ
e−(1+ξ

(ωn,i−µ)
σ )− 1

ξ (1 + ξ
(ωn,i − µ)

σ
)−1− 1

ξ , for(1 + ξ
(ωn,i − µ)

σ
) > 0

(D.15)

where µ, σ and ξ 6= 0 are the location, scale and shape parameters, respectively. The

shape parameter determines the family (type) of the GEV distribution. ξ = 0, ξ > 0
and ξ < 0 represent type I, type II and type III of the GEV distribution, respectively.

Tables D.4-D.6 show the parameters of the estimated GEV distributions and results

of the Kolmogorov-Smirnov (K-S) goodness-of-fit test with a confidence level of

95%. Based on the calculated p-values, it can be concluded that for all kinds of train

excitations the Type III of the GEV distribution can well approximate the behavior of

the first and second track resonances at all locations, except location A2 where the

GEV distribution fails to describe the statistical behavior of the second resonance
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when excited by IR4 and freight trains.

Table D.4: Parameters of the considered distributions and their corresponding p-

value using a batch of Freight trains

Location track resonances G-Distribution Parameters p− value

A2 ωn,1 ξ = −0.28, σ = 9.77, µ = 158.22 0.84

ωn,2 ξ = −0.34, σ = 19.55, µ = 567.51 0.0053

A4 ωn,1 ξ = −0.371, σ = 16.98, µ = 159.92 0.33

ωn,2 ξ = −0.307, σ = 42.157, µ = 493.54 0.35

A7 ωn,1 ξ = −0.07, σ = 4.31, µ = 93.60 0.51

ωn,2 ξ = −0.57929, σ = 50.567, µ = 613.8 0.89

A11 ωn,1 ξ = −0.510, σ = 10.99, µ = 173.26 0.97

ωn,2 ξ = −0.23, σ = 21.65, µ = 594.03 0.47

Table D.5: Parameters of the considered distributions and their corresponding p-

value using a batch of IR4 trains

Location track resonances G-Distribution Parameters p− value

A2 ωn1 ξ = −0.25, σ = 10.14, µ = 157.15 0.87

ωn2 ξ = −0.22, σ = 23.63, µ = 559.52 0.068

A4 ωn1 ξ = −0.37, σ = 15.30, µ = 159.31 0.51

ωn2 ξ = −0.37, σ = 44.8, µ = 502.08 0.38

A7 ωn1 ξ = −0.06, σ = 4.67, µ = 93.81 0.87

ωn2 ξ = −0.63, σ = 49.55, µ = 617.15 0.45

A11 ωn1 ξ = −0.42, σ = 10.14, µ = 171.65 0.62

ωn2 ξ = −0.25, σ = 19.98, µ = 598.6 0.50

D.5.1 Towards condition monitoring

In order to investigate the performance of the proposed method in monitoring

the status of ballast and railpad layers over time, the statistical representation of the

track resonances is obtained recursively during different monthly periods including

a month before and a month after a maintenance (tamping) event. Figure D.9 shows

the obtained probability plots for the first and second resonances of the track under

freight, IR4 and IC3 excitations. After the ballast tamping event, there is a shift in
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Table D.6: Parameters of the considered distributions and their corresponding p-

value using a batch of IC3 trains

Location track resonances G-Distribution Parameters p− value

A2 ωn1 ξ = −0.21, σ = 9.25, µ = 161.77 0.96

ωn2 ξ = −0.36, σ = 26.73, µ = 581.3 0.60

A4 ωn1 ξ = −0.32, σ = 14.11, µ = 163.85 0.94

ωn2 ξ = 0.33, σ = 37.06, µ = 505.16 0.02

A7 ωn1 ξ = −0.10, σ = 5.26, µ = 92.73 0.98

ωn2 ξ = −0.62, σ = 54.89, µ = 613.79 0.38

A11 ωn1 ξ = −0.42, σ = 10.97, µ = 176.42 0.97

ωn2 ξ = −0.46, σ = 21.04, µ = 607.77 0.5

the probability plot of the first track resonance toward higher frequencies, which is

an indication of a change in the ballast stiffness due to the tamping. This change is

apparent when analyzing the data collected during the passage of all the three types

of trains. As time passes, degradation process in the ballast layer causes a gradual

decrease in the ballast stiffness. This trend is more obvious when analyzing the

acceleration data induced by IC3 trains and less obvious when considering freight

trains. This can be explained by the fact that IC3 trains have lower axle loads with

less variation compared to IR4 and freight trains [70]. Significant variation of the

axle load in freight trains leads to a high level of uncertainty in the estimation of the

natural frequencies. Moreover, the number of freight trains travelling with a speed

ranging from 150 to 160 km/h in a one-month period might not be sufficient to give

an accurate picture of the statistical characteristics of the track resonances.

The probability plots of the second track resonance in Fig.D.9 (d)-(f) exhibit a differ-

ent trend compared to the first track resonance. This different behavior is expected

since the railpad properties are influenced by variations of ambient temperature.

A model is developed in [71] for analyzing the effect of temperature variations,

indicating an inverse relation between the second track resonance and temperature.

This relation can be observed also in Fig.D.9 where the variable trend in the second

resonance frequency is caused by the temperature variations over the considered

monthly periods (September 2016, September 2017, October 2017 and February

2018). Table D.7 presents the averaged temperature in these four months reported

by the Danish mythological institute (DMI). For freight trains, the distribution has a

stepping behavior which is more visible in October 2017. This behavior is due to the

aforementioned axle load variation.
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Table D.7: Averaged temperature at Assens weather station provided by DMI

Months year Temperature °C Event information

September 2016 17 Before tamping

September 2017 14 11 months after tamping

October 2017 11.7 Hammer test

February 2018 -0.3 17 months after tamping
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Figure D.9: Probability plots of the first and second track resonances over four

different monthly periods at location A2; For Freight, IR4 and IC3 trains

D.5.2 Discussion

The method proposed in this paper can be employed to extract statistical char-

acteristics of the track resonances from train-induced vibration data collected by a

track-side measurement system. The statistical models are particularly beneficial

since they provide a robust representation of the track infrastructure behavior de-

spite the presence of uncontrollable parameters such as wheel/track condition, train

speed, wheel load and environmental conditions.

The research work conducted in this paper provides a good basis for developing a

novel tool for monitoring the track infrastructure components over time. Such a mon-

itoring tool can serve as a quality indicator for the early detection of deterioration
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processes in the ballast and railpad layers, which is essential for developing efficient

and cost-effective maintenance strategies. Results of the present study indicate that

the type of the train-induced vibration data employed in the analysis can significantly

influence the performance of the monitoring tool. Particularly, the stepping behavior

in the probability plots associated with the analysis of the vibration data induced by

the freight trains introduces a high level of uncertainty which in turn diminishes the

detection capability of the monitoring tool. In fact, due to the random occurrence

of the stepping behavior over time the statistical characteristics of the resonances

may not be approximated consistently with the GEV distribution. This can affect the

accuracy of the change detector design and lead to a large probability of false alarms.

The statistical behavior predicted based on the analysis of the data collected during

the passage of IC3 trains is a more consistent behavior over time and, therefore,

more appropriate for designing an intelligent data-driven monitoring tool.

D.6 Conclusion

A novel method was proposed in this paper for obtaining statistical models capa-

ble of describing dynamic behavior of the track infrastructure components along a

railway turnout. The proposed method relies on the comprehensive analysis of the

track acceleration response collected by a track-side measurement system. In order

to perform the analysis, the vertical acceleration signals induced by three different

types of trains (IC3, IR4 and freight) over a four-month period were considered.

The empirical mode decomposition (EMD) technique and the N4SID identification

algorithm were applied to the acceleration signals to find state space low-complexity

models representing the dominant behavior of the track acceleration in relation

to the ballast and railpad layers. The first and second track resonances were then

estimated by performing eigenvalue analysis. It was shown that the probability distri-

butions of the estimated frequencies can be approximated by GEV distributions over

time. The procedure proposed in this paper enables robust estimation of dynamic

characteristics of the track infrastructure components along railway turnouts. More-

over, findings of the present study provide basis for developing a novel data-driven

monitoring tool capable of early detection of deterioration processes in the ballast

and railpad layers.
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The dependability of the railway infrastructure is paramount to guarantee safety,

comfort and network capacity. Turnouts are the key infrastructure element to enable

the maximization of network capacity and minimization of transport delays. Their

failure upsets the overall performance of the railway network, hence infrastructure

managers are interested in securing as high as possible uptime. The ballast layer

provides the elastic support to the superstructure (sleepers and rail), thereby it is

crucial to ensure both safety and comfort in railway transport. This paper presents

a novel detection system for the monitoring of ballast degradation throughout its

service life. A statistical model based on the Generalized Extreme Value distribution

is proposed to describe the behaviour of the resonant frequency associated with the

ballast. The generalized likelihood ratio test is then adopted to detect when the state

of health of the ballast changes over time. The monitoring system is tested exploiting

full scale measurements of train-induced track vertical acceleration collected at

a turnout of the Danish railway network over a 2-year period, which includes a

maintenance event. Results demonstrate the ability of the ballast monitoring system

in detecting the progressive degradation of the ballast quality.
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E.1 Introduction

Railway transport has become a popular mode of modern transportation in

Europe, playing a key role in conveying an enormous number of passengers and

large amounts of freight. Increasing the capacity and reliability of railway network

is an essential goal for infrastructure managers. Such a goal may not be achieved

without guaranteeing safety and continuous availability of railway track components.

Switches and crossings (S&Cs) are important elements of railway network playing

a vital role in providing flexibility for train operations. Safety of train operation is

strongly affected by the performance of S&Cs. According to the 2014 RSSB Annual

Safety Performance Report [11, Section 8.5], 31% of the track-related derailments

were caused by S&Cs malfunctioning in the period 2009–2014 in Great Britain. A

large amount of maintenance expenses is therefore spent on the renewal actions

of S&Cs. Banedanmark, the Danish railway infrastructure manager, estimates that

each year one third of the total track maintenance cost is spent on turnouts [2]. The

railway track consists of different elements: rail, sleepers, railpad, ballast and the

underlying subgrade. The ballast is an important track element influencing not only

railway track performance and safety, but also ride quality and passenger comfort.

Particularly, the performance of S&Cs is significantly affected by the condition

of ballast layer. According to the failure data recorded in the UK in 2009 [12,

Chapter 7], ballast degradation is the third most important component affecting

turnouts performance, with a failing frequency of 7.9%. The periodic maintenance

of the ballast, currently the main strategy adopted for assuring railway safety and

reliability, is a major cost driver for infrastructure managers. Applying a predictive

maintenance strategy based on condition monitoring of the infrastructure has the

potential to significantly reduce the maintenance cost. Therefore the development of

an advanced condition monitoring system for the timely detection of the degradation

of railway components can play a significant role in actualizing the maintenance

paradigm shift.

E.1.1 Literature survey

Condition monitoring of railway track, in its simplest form, can be performed

through visual inspection [39, 40, 41]. This approach is only effective for detecting

surface defects. In recent years, ballast degradation analysis has been carried out

by employing different approaches, including direct and model-based measurement

techniques and predictive models. In direct techniques, Quality of ballast and the

subgrade layers is evaluated based on different types of data collected by measure-

ment systems. The ground penetrating radar (GPR) [35, 36, 37, 38], the cone
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penetration test (CPT) [38] and the track stiffness measurement vehicle [36, 83]

are some well-known track inspection tools in this category widely used in the last

decade for condition monitoring of the substructure. These methods suffer from

a number of drawbacks. CPT is a destructive and time consuming test, and the

capability of GPR in providing a good visibility of ballast is significantly affected by

proper selection of the frequency range of the electromagnetic waves. Using the track

stiffness measurement vehicle it is not possible to provide early detection of track

degradation, and contribution of different components to track degradation cannot

be isolated. Developing a predictive model is another approach for investigation of

railway track degradation. A number of empirical models have been proposed in

the past for predictive assessment of the long-term degradation. Main examples of

such models can be found in [110, 111, 112, 113]. Furthermore, prediction of track

geometry degradation has been carried out by means of numerical models and an

iterative procedure, see [20, 51, 114]. Employing model-based techniques is the

third approach to railway track degradation analysis. Recently, a number of research

projects have been conducted by Lam et al. [45, 46, 47] for detection of ballast

damage based on a combination of high complexity mechanical models and mea-

sured vibration data in model updating frameworks. Feasibility of quantifying ballast

damage characteristics (location and level of stiffness reduction) in an artificially

damaged system was studied using deterministic [45] and Bayesian [46] model

updating techniques. A further investigation was carried out in [47] by employing

the MCMC (Markov Chain Monte Carlo) algorithm to ensure the applicability of the

proposed methodology. The receptance function has been widely used in several

research studies for the calibration of numerical model properties such as ballast

and railpad stiffness and damping coefficients [22, 115, 116]. The model-based ap-

proaches presented in the aforementioned papers rely on large dimensional models

which leads to high-complexity diagnostic methods. There are some research studies

in which they used non-destructive technique with impact excitation as a useful way

of monitoring the track structure. In [24] the structural condition of ballasted rail-

way track was evaluated using two-degrees-of-freedom (2-DOF) model. The 2DOF

model is obtained by employing the frequency response functions recorded during

the field test measurements. In two recent research studies [74, 75] utilizing the

low-complexity behavioural models in connection with train induced vibration data

were instead proposed. A fourth order model representing key track components

(ballast and railpad layer) behaviour was identified using the Eigenstructure Real-

ization Algorithm (ERA) and unloaded vibration data recorded during receptance

tests in [74]. Although the model was validated against the measured data induced

by train passage, it relies on the execution of an experimental campaign, which is
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rarely performed by track infrastructure managers. Due to the following reasons

the ERA method cannot be used in the current study: (1) the vibration response of

the infrastructure being loaded by a passing train is a forced response; (2) in the

operational speed range, the time interval between two successive excitations from

two adjacent wheels of a bogie is shorter than the time required for the measured

vertical acceleration to be completely damped. Therefore, N4SID is employed as a

subspace system identification method appropriate for the purpose of this study. In

continuation of the previous work in [75] statistical low-complexity models are esti-

mated for the ballast layer at different locations along a railway turnout exploiting

the loaded data, i.e. train induced vertical accelerations. The estimation scheme is a

combination of empirical mode decomposition (EMD) and numerical algorithms for

subspace state space system identification (N4SID). A statistical change detection

algorithm is employed to develop a novel data-driven diagnostic tool for detecting

the ballast degradation over time. Statistical change detection algorithms have been

employed widely in the past for detecting structural defects. The effectiveness of the

algorithm has been demonstrated for different systems (for example, see [117, 118,

119, 120, 121]).

E.1.2 Main contribution

Exploiting the modelling procedure presented in [75] a statistical model that de-

scribes the degradation of the ballast resonance frequency for a turnout is introduced.

The first track resonance frequency is estimated using track vertical accelerations

in loaded conditions. Measurements were collected over a period of almost two

years at an S&C of the Danish railway infrastructure, and within that period a ballast

maintenance action has occurred. The generalized extreme value (GEV) distribution

is chosen as it adequately explains the scatter of the estimates around the expected

value. A ballast health monitoring system is then designed using the generalized

likelihood ratio test (GLRT) for GEV distributed processes. When tested on the full

scale data the ballast degradation detector captures the change in ballast quality

around the occurrence of the tamping event and tracks the progressive deterioration

of the ballast layer. This demonstrates that the proposed method is a valid approach

to infer the quality of the ballast during its service life.

E.2 Railway turnout technology and experimental set-up

A railway track is an engineering structure consisting of different layers, as shown

schematically in Fig.E.1. The rails are fastened to the sleepers which are supported

by a layer made of crushed stones. The ballast is a layer providing resistance to
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Figure E.1: Railway track cross-section with highlighted components.

vertical, lateral and longitudinal forces applied to the track. Therefore, the dynamic

behavior of the ballast is an important factor that influences the track quality and

maintenance cost [18]. Due to the complexity of the ballast layer and sensitivity of

theoretical modeling to ballast material properties, it is extremely challenging to

predict its dynamic behavior and long-term performance. In the current study, the

analysis of the vibration behavior and monitoring the status of the ballast layer are

carried out by exploiting the acceleration response of the track measured at different

locations along the turnout.

E.2.1 Railway turnout technology

A railway turnout is composed of three main elements: the switch panel, the

closure panel and the crossing panel. The switch panel refers to the part of the

turnout through which a moving vehicle is guided to a desired direction. The switch

panel consists of two half set of switches, where the so-called diverging tracks begin

to diverge from the main track. The half set of switches consist of a stock rail and

a switch blade, the latter is a movable part directing the vehicle towards the main

track or diverging tracks. The switch panel begins at the first rail joint in the turnout

entry and ends at switch heels. The closure panel is the part of the turnout that

connects the switch panel and the crossing panel. The crossing panel is the part

of the turnout separating the main track from the diverging track. It consists of a

crossing, check rails, and stock rails. The crossing is a track component at which

two opposite running edges of the turnout intersect each other. It is comprised of a

crossing nose, and two wing rails. The last set of rail joints located at the closure

panel and the last set of rail joints after the crossing are considered as the front and

end parts of the crossing panel, respectively.
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Figure E.2: Layout of the sensors location along the turnout at Tommerup station

(Fyn - Denmark). The data utilized in this work refer to vertical accelerations

measured by accelerometers A2, A7 and A11.

E.2.2 Experimental set-up

Figure E.2 shows the sensors layout of an instrumented S&Cs in the Danish

railway network. The track-side measurement system consists of 3 wheel detectors,

12 2-axis accelerometers (measurement range: ±500g) and 3 displacement sensors

(measurement range: ±20mm). All sensors are connected to a multi-channel data

acquisition system, where the signals are stored after being conditioned with band-

pass filters and amplifiers. The wheel detectors are used to trigger the automatic

data recording during the passage of each train along the turnout. Magnetic bases

are used to install the accelerometers on the rail web. Both vertical and lateral

accelerations of the rail are recorded. The vertical displacement of the sleepers is

measured using the displacement sensors. The data acquisition board samples all

measurements at the sampling frequency Fs = 20 kHz. Pictures of the instrumented

S&C and of selected sensors are shown in Fig. E.3. An example dataset, including

normalized vertical acceleration and time-shifted output of the wheel detector, used

in the analysis is shown in Fig.E.4. The normalized acceleration shown in this

figure is calculated as ā = a/max(|a|). Measured data presented in the paper are

anonymized to comply with the policy of the Danish railway infrastructure manager.

In order to determine the time instants at which train wheels pass through the

measurement locations (A2, A7, A11), the time-shifted output of the wheel detector

is exploited. The wheel passage signal WS(t) synchronized with the vertical accel-

eration ā(t) allows the automatic slicing of the acceleration signal into sub-signals

corresponding to each train bogie, which provides the data needed for the model

identification presented in Section E.3.4. The time delay τ is computed based on

the known train speed and distances between the wheel detection sensor and the

considered accelerometers. In addition to the on-site measurement system, an axle
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(a) Overview of the turnout in proximity of
Tommerup station

(b) Accelerometer A5 magnetically connected
to the rail web

(c) Displacement sensor resting on the sleeper (d) Wheel detector mounted in proximity of the
rail web

Figure E.3: Pictures of the instrumented S&C nearby Tommerup station (Fyn -

Denmark).

load checkpoint (ALC) system is installed in a nearby station located about 7 km

from Tommerup station. The ALC system provides information about axle and wheel

loads. The information provided by the ALC system is exploited for choosing the

trains with lower axle loads and minimum axle load variation, which will then be

used in the statistical analysis carried out in this paper. This will be discussed further

in section E.5.

E.3 Proposed methodology for track resonance estimation

In [75] a method for creation of low-complexity behavioral models of track

dynamics was proposed. The block diagram shown in Fig. E.5 provides an overview

of the proposed methodology. The methodology can be employed to estimate both

the first and the second track resonances. However, the present study is intended
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Figure E.4: The track vertical acceleration measured at location A2 in response to a

passenger train (IC3) and the time-shifted wheel detector signal.

to analyse the ballast degradation and, therefore, only the first track resonance is

estimated by means of this methodology. To estimate the ballast resonance frequency,

the measured accelerations induced by train passages is low-pass filtered using a

cut-off frequency of 1kHz. The obtained signal is then sliced at every two adjacent

wheels. In order to extract the ballast vibration characteristics from the measured

acceleration, it is essential to decompose the signal into its orthogonal components.

The empirical mode decomposition algorithm (EMD) is adopted for this purpose.

A subspace identification method is then used to find a model for the component

describing the ballast behavior. A median is taken over all the frequencies estimated

by using signal slices to improve the robustness of the estimation.

E.3.1 Pre-filtering

The signals to which EMD is applied can be obtained by pre-processing the

vertical acceleration data measured at a given location along the turnout. As the

first step in the pre-processing, the measured signal is pre-filtered. According to the
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Figure E.5: Block diagram of the estimation scheme for ballast and railpad natural

frequencies.

literature (see e.g. [77]) and the analysis of the receptance test presented in [74], the

frequency interval containing the resonance frequencies of the track infrastructure

is [0, 1000]Hz. Therefore, the measured vertical acceleration in response to train

passages is pre-filtered using a third order Butterworth low-pass filter with the cut-off

frequency of 1000 Hz.

E.3.2 Signal slicing

Let ā(t) for t ∈ [t0, t1] (where t0 and t1 are the time instants when the train enters

and leaves the turnout, respectively) be the pre-filtered normalized acceleration

response of a specific location of the turnout to the passage of a train T with Nb

bogies, and B = {b1, . . . , bNb} the set of train bogies. ā(t) is sliced to Nb segments

representing different time intervals corresponding to the passage of bogies at the

measurement location. This is carried out based on the time-shifted output of the

wheel detector. In other words, āk(t) is the acceleration response to the passage of

the k-th bogie measured in the time interval t ∈ [tw1,k, tw2,k + δ], where tw1,k is the

time instant the first wheel passes over the accelerometer, tw2,k is the time instant at

which the second wheel passes over the sensor and 0 < δ < tw1,k+1. The slicing of

the signal is carried out to attenuate the effect of the parametric frequencies and

their harmonics. Parametric frequencies are the excitation frequencies induced by

the periodic character of the track and the trains. The sleeper passing frequency

(v/ds) is a track-related parametric frequency available in the frequency response of

a track with the sleeper distance of ds under moving wheel loads of speed v. Other

parametric frequencies are train-related frequencies (v/dw and v/dB , where dw and

dB are the distance between wheels and the distance between bogies, respectively)
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Figure E.6: Effect of slicing on power spectral density of the measured vertical

acceleration

which are induced by moving wheel loads and bogies periodically distributed over the

trains [122]. For the type of train considered in this study (IC3) and for the chosen

speed (160 km/h), the sleeper passing frequency and the train-related parametric

frequencies induced by moving bogies and wheels are calculated as 74.07 Hz, 3 Hz

and 17.5 Hz, respectively. The presence of the parametric frequencies in the track

response is discussed with more details in [122]. Figure E.6 indicates the effect

of the slicing on the obtained power spectral density in the vicinity of the ballast

resonance frequency. Each sliced signal is de-trended by subtracting its mean value

before being fed to the EMD algorithm.

E.3.3 Empirical Mode Decomposition

In order to analyze the measured data and to extract the information required

in the identification step, an advanced signal processing method can be employed.

The signal processing technique adopted in the framework of the proposed monitor-

ing method should preferably characterize dynamic components of the measured
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signals in the time domain and relate them to the dynamic behavior of track layers

within certain frequency intervals. Therefore, empirical mode decomposition is

chosen in this study. EMD is a signal processing method developed by [102] suit-

able for decomposing non-stationary and non-linear signals in the time-frequency

domain. The method has been applied successfully to structural fault diagnosis

problems ([123, 124]). The conventional EMD algorithm has some drawbacks such

as "mode mixing" and "end effects" [109], the latter of which more significantly

affects the EMD decomposition of the sliced signals considered in this study. More-

over, the stopping criterion in the sifting process of the conventional EMD is met

when the standard deviation of two consecutive sifting components is smaller than

an empirical threshold that has no physical meaning. These problems have been

addressed thoroughly in [109] and a modified EMD algorithm has been proposed to

overcome such drawbacks. The modified EMD algorithm is employed in the current

study, and summarized in Algorithm 3. By applying the algorithm to āk(t), the signal

is decomposed through the sifting process into its so-called intrinsic mode functions

(IMFs). IMFs represent the fundamental oscillatory modes of the original signal. The

sifting process stops when the energy ratio of the original signal to the residual r(t),
Qresidual, is smaller than a predetermined value, ε1 = 40dB. The stopping criterion

for the sifting process associated to j-th IMF is created based on a resolution factor

defined as the ratio of the energy of the signal at each iteration to the energy of the

average of the envelopes, Qresolution. This criterion is met when the current energy

ratio is larger than a resolution factor, ε2 = 45− 50dB.

The extracted IMFs corresponding to the dynamic behavior of the ballast layers

are utilized in the identification step for identifying a low-complexity behavioural

model.

E.3.4 N4SID Subspace Identification Method

The N4SID algorithm was proposed for LTI systems in order to identify state

space models capable of representing the system input/output behaviour [103].

Since each IMF represents one dominant oscillatory mode of the original signal, a

second order model is sufficient to describe each IMF behavior. For the j-th IMF

a canonical realization of the second order discrete-time state space model can be

defined as, x̂j(k + 1) = Âjx̂j(k), x̂j ∈ R2

ŷj(k) = Ĉjx̂j(k), ŷj ∈ R
(E.1)

For the j-th IMF extracted from the EMD algorithm, the past and future output

data in the N4SID algorithm are given as Yp = (IMF j)0|k−1 ∈ Rk×N and Yf =
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Algorithm 3: Empirical Mode Decomposition adopted from [109]
Data: Track vertical acceleration āk(t)
Result: Set of intrinsic mode functions Ik = {IMF1, . . . , IMFm}

1 Residual r(t)← āk(t);
2 i← 1;

3 while Qresidual < ε1 do

4 h10(t)← r(t);
5 j ← 1;

6 repeat

7 Find all local extrema h1(j−1)(t);
8 Extrapolate the extrema;

9 Find the upper and lower envelopes by spline interpolation

of the local extrema;

10 Compute the mean value m(t) between the lower and upper

envelopes;

11 Compute Qresolution:

Qresolution = 10 log10

∥∥h1j(t)
∥∥2∥∥m(t)
∥∥2


;

12 Subtract the mean value from the original signal

h1j(t) = h1(j−1)(t)−m(t);
13 j ← j + 1;

14 until Qresolution > ε2;

15 IMFi(t)← h1(j−1)(t);
16 r(t)← r(t)− IMFi(t);
17 Compute Qresidual:

Qresidual = 10 log10

∥∥āk(t)
∥∥2∥∥r(t)∥∥2


i← i+ 1;

18 end
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(IMF j)k|2k−1 ∈ Rk×N , where N is assumed to be sufficiently large and k is strictly

larger than n = 2. The past and future input vectors in the identification process

(i.e. Uf and Up) are set to zero since the input signal (i.e. train excitation) is

unknown. Defining Wp as [UT
p YT

p ]T , the N4SID identification algorithm consists of

the following steps [104]

1. Compute the oblique projection of Yf ∈ Rk×N onto Wp ∈ R2k×N along

Uf ∈ Rk×N (i.e. ξ) by employing Eq. (E.2) and the LQ decomposition in

Eq. (E.3)

ξ = Ê||Uf
{Yf |Wp} = R32R†22Wp = OkXf (E.2)

where the oblique projection is expressed as Ê|| , Ok ∈ Rk×2 is the extended

observability matrix and Xf is the future state vector.Uf

Wp

Yf


R11 0 0

R21 R22 0
R31 R32 0


Q̄T

1

Q̄T
2

Q̄T
3

 , (E.3)

where R11 ∈ Rk×k and R22 ∈ R2k×2k are upper triangular matrices, and

Q̄1 ∈ RN×k, Q̄2 ∈ RN×2k and Q̄3 ∈ RN×k are orthogonal matrices. R†22 is

the pseudo-inverse of R22.

2. Compute the state vector Xf using the singular value decomposition of ξ as,

ξ = U1Σ1VT
1 = OkXf

Ok = U1Σ
1
2
1 T

Xf = T−1Σ 1
2 1V−1

1 ,

(E.4)

where Xf = [xj(k),xj(k + 1), ...,xj(k +N − 1)] ∈ R2×N .

3. Consider the regression equation,[
X̄k+1

Ȳk|k

]
=
[
Aj Bj

Cj Dj

][
X̄k

Ūk|k,

]
(E.5)

with X̄k+1, X̄k, Ūk|k and Ȳk|k defined as

X̄k+1 = [xj(k + 1), . . . ,xj(k +N − 1)] ∈ R2×N−1,

X̄k = [xj(k), . . . ,xj(k +N − 2)] ∈ R2×N−1,

Ūk|k = [u(k), . . . , u(k +N − 2)] ∈ R1×N−1,

Ȳk|k = [IMFj(k), . . . , IMFj(k +N − 2)] ∈ R1×N−1.
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4. Compute the matrices Âj , B̂j , Ĉj , D̂j through solving the regression equation
by using the least-squares technique,[

Âj B̂j
Ĉj D̂j

]
=

[X̄k+1

Ȳk|k

][
X̄k

Ūk|k

]T[ X̄k

Ūk|k

][
X̄k

Ūk|k

]T−1

(E.6)

E.3.5 Frequency Estimation

The system dynamical matrix Âj and the output matrix Ĉj are expressed in terms

of the natural frequency (ωnj) and damping factor (ζj) of the equivalent continuous

time model in (E.7),

Âj = exp(
[

0 1
−ω2

nj −2ζωnj

]
× Ts) , Ĉj =

[
1 0

]
, (E.7)

where Ts is the sampling time. The resonance frequency and the damping factor

in the model identified for the j-th IMF can be obtained by means of eigenvalue

analysis

ωn,j = | ln(λ1(Âj)) |
2πTs

, ζj = −Re(ln(λ1(Âj))/Ts)
| ln(λ1(Âj)))/Ts |

, (E.8)

where λ1(Âj) is the first eigenvalue of the complex pair associated with the ma-

trix Âj .

E.4 Low-complexity Behavioural Model

The method introduced in Section E.3.4 is now applied to the acceleration

slice āk to find a low-complexity behavioral model representing the ballast layer

dynamics. Figure E.7 shows an example of the acceleration response recorded for

a passage of two adjacent wheels and the four extracted IMFs. The obtained IMFs

are considered as identification datasets. The N4SID method is then applied to each

identification dataset for identifying a proper state space model representing the

dominant dynamic behaviour of the ballast. It can be shown that only the excited

frequencies calculated for the fourth IMF are within the frequency range in which the

first track resonance frequency (ballast resonance frequency) is expected according

to the literature [75, 77]. The discrete time state space realization of the identified

model for IMF4 associated with the dataset shown in Fig. E.7 is

M4 :


Â4 =

[
0.9983 ± 6.3 · 10−4 0.0443 ± 6.1 · 10−4

−0.0443 ± 6.1 · 10−4 0.9983 ± 6.3 · 10−4

]
Ĉ4 =

[
0.7073 ± 0.65 · 10−4 −0.0209 ± 0.63 · 10−4

]
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Figure E.7: Track response to a passage of two adjacent wheels (IC3 train travelling

at 158km/h) and the four extracted IMFs.

Similarly, a model representing the dynamic behavior of the railpad can be obtained

using the second extracted IMF [75]. These two models can then be combined

through the output into a unified model M able to predict the dominant behaviour

of the measured track vertical acceleration in relation to the ballast and railpad

components

M :


Â =

[
Â2 0

0 Â4

]
Ĉ =

[
Ĉ2 Ĉ4

] . (E.9)

Robustness of the final model and its capability in predicting the measured accelera-

tions in response to other trains excitation was evaluated in [75].
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E.5 Characterization of the ballast resonance frequency

For each train passage a robust estimate of the ballast resonance frequency

ωn,1 is obtained applying the median to the Nb estimated frequencies. Due to the

simplicity of the chosen modelling approach many sources of uncertainty can affect

the estimation process – wheel defects, track defects, water content of the ballast

layer, temperature gradients, etc. Therefore to account for this, a statistical model

is built by considering all estimates within a month period. In [69] the effect of

different train parameters (i.e. type, speed and axle load) on the predictive capability

of the low-complexity behavioral model were investigated. It was concluded that the

train speed and effective axle load play significantly affect the estimation accuracy

of the track resonances. It was shown that the low-complexity behavioral models

estimated based on the receptance test have their best performance in predicting the

dominant behavior of the track vertical acceleration for high speed trains with lowest

axle load. Figure E.8 shows an averaged axle load and its 1σ standard deviation

calculated by considering all the IC3 trains passing through the Tommerup station

during one month period. For all the eight axles of the IC3 train, the measured axle

load has a small variance, and a relatively low mean value as compared to other

train types. Therefore, the IC3 trains with the speed range of [158-160] km/h are

selected for the further analysis in the present study. Figure E.9 shows the time

period when the installed track-side measurement system collected data, the quality

of the measured data, and a tamping event. Three time periods are distinguished in

this time chart: TP1 in which poor quality data was collected by the measurement

system; TP2 in which data are missing due to maintenance of measurement system;

TP3 in which good quality data is collected.

E.5.1 Statistical model for ballast resonance frequency

The measured data collected over monthly periods at different locations along the

turnout are utilized to obtain a statistical characterization of the ballast resonance

frequency. Figures E.10 to E.12 show histograms and probability plots of the first

track resonance at locations A2, A7 and A11 obtained for the month right before

(September 2016) and the month right after (November 2016) the tamping event in

TP1. A distinct change in the statistical characteristics of the first track resonance

before (ωn1,BT ) and after (ωn1,AT ) tamping is evident at all locations. This suggests

that the estimated ballast resonance frequency can be employed as an indicator of

changes of the ballast layer stiffness due to degradation and maintenance actions.

To develop a ballast degradation detection scheme, it is important to determine

what probability distribution better represents the statistical behaviour of the first
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Figure E.8: Mean value and 1σ standard deviation of the axle loads for IC3 trains

over a period of one month.

Figure E.9: Time-line of the data acquisition process performed at Tommerup station

through the installed track-side measurement system.
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Figure E.10: Statistical characteristic of the first track resonance; IC3 trains at

location of A2.
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Figure E.11: Statistical characteristic of the first track resonance; IC3 trains at

location of A7.



E.5. Characterization of the ballast resonance frequency 183

160 165 170 175 180 185 190 195 200 205 210

0

0.02

0.04

0.06

0.08

0.1

0.12

(a) histogram A11

160 165 170 175 180 185 190 195 200 205 210

0.001 

0.005 
0.01  

0.05  

0.1   

0.25  

0.5   

0.75  

0.9   

0.95  

0.99  
0.995 

0.999 

(b) probability plot A11

Figure E.12: Statistical characteristic of the first track resonance; IC3 trains at

location of A11.

track resonance. The Gaussian distribution (N ), the Weibull distribution (W) and

Generalized Extreme Value distribution (G) have been selected to describe the

behaviour of the ballast frequency estimates. Figures E.13-E.15 show the probability

plots for two months, a month before the tamping and a month after the tamping

in TP1. It can be observed that the GEV distribution fits the data much closer than

either Gaussian or Weibull distributions, especially in correspondence of the tails.

This is paramount for detecting the change in the status of ballast from healthy case

(after tamping/renewal) to degraded one and vice versa. Estimates of the parameters

of the considered distributions for the data presented in Figs. E.13-E.15 are listed in

Table E.1 together with the p-value obtained using the Kolmogorov-Smirnov (K-S)

goodness-of-fit test with a confidence level of 95%. Data at locations A2 and A7 are

well approximated by the GEV distribution; however, none of the three distributions

gives a good fit to the data at location A11 before the tamping event. This is due to

the lack of good quality data at this location before the tamping event. To overcome

this problem and to provide a sufficient statistic for the ballast resonance frequency

characterization, a pool of non-identical trains (i.e. IC3 and IR4) is taken into

account at A11. Since representing the behavior of the data at different locations

by using a unique distribution is of interest, then the GEV distribution was selected

as the best in comparison to the Normal and Weibull distributions. The probability
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Figure E.13: Probability plots for first track resonance before and after tamping at

location A2. Probability of Weibull (W), Gaussian (N ), and GEV (G) distributions

fitted to the data.

density function of GEV distribution is given by

G(x) = 1
σ

exp
[
−
(

1 + ξ
x− µ
σ

)]− 1
ξ (

1 + ξ
x− µ
σ

)−1− 1
ξ

(E.10)

defined on the set
{
x : 1 + ξ(x− µ)/σ > 0

}
, where µ, σ and ξ 6= 0 are the location,

scale and shape parameters, respectively. The GEV distribution consists of three

different sub-families known as Type I (ξ = 0), Type II (ξ > 0) and Type III (ξ < 0).

Figures E.16 and E.17 show the distributions of monthly estimates of the first

track resonance over a period of two years. At all locations and in different measure

it is evident the gradual change in the probability distribution addressing possible

variations in the quality of the ballast layer stiffness. To identify which parameters of

the GEV distribution play a key role in explaining the changes in the distribution the

maximum likelihood estimation (MLE) is applied to the available data. Figure E.18

shows the MLE of the GEV parameters for the estimated ballast resonance frequency

at location A2. The MLE was computed every two weeks interval during TP1 (before

and after the tamping event) and TP3. The location parameter µ decreases gradually

indicating the progressive degradation of the ballast layer due to changes of stiffness.

The erratic behavior of the scale and the shape parameters over time is due to the
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Figure E.14: Probability plots for first track resonance before and after tamping at

location A7. Probability of Weibull (W), Gaussian (N ), and GEV (G) distributions

fitted to the data.
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Figure E.15: Probability plots for first track resonance before and after tamping at

location A11. Probability of Weibull (W), Gaussian (N ), and GEV (G) distributions

fitted to the data.
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Table E.1: Parameters of the considered distributions and their corresponding p-value

Location Ballast resonance Distribution Parameters p-value

ωn1,BT

G ξ = −0.18, σ = 6.59, µ = 158.85 0.05

A2 W α = 2.89, β = 21.10, µ = 142.78 0.02

N σ = 6.99, µ = 161.62 0.02

ωn1,AT

G ξ = −0.31, σ = 8.36, µ = 167.41 0.44

A2 W α = 4.81, β = 37.09, µ = 136.23 0.53

N σ = 8.12, µ = 170.21 0.02

ωn1,BT

G ξ = −0.07, σ = 2.03, µ = 87.01 0.96

A7 W α = −, β = −, µ = − 0.001

N σ = 2.84, µ = 88.35 0.35

ωn1,AT

G ξ = −0.14, σ = 3.32, µ = 91.17 0.69

A7 W α = 1.80, β = 9.35, µ = 85.08 0.06

N σ = 3.67, µ = 92.68 0.12

ωn1,BT

G ξ = −0.41, σ = 8.67, µ = 174.41 1.5 · 10−7

A11 W α = 10.77, β = 76.24, µ = 104.01 5.30 · 10−7

N σ = 8.67, µ = 176.79 1.75 · 10−10

ωn1,AT

G ξ = −0.27, σ = 9.92, µ = 181.87 0.66

A11 W α = 2.56, β = 27.11, µ = 161.50 0.86

N σ = 10.23, µ = 185.54 0.55

presence of uncertainties imposed by e.g. environmental conditions and dynamic

loading components caused by wheel defects. In order to embrace the effect of

both the gradual variation of the location parameter and the uncertainties, the

probabilistic mean value is used to describe the total variation in the data. The

probabilistic mean value calculated using the estimated parameters is given by

µprob =


µ+ σ(Γ(1−ξ)−1)

ξ , ξ < 1, ξ 6= 0
µ+ σγ ξ = 0
∞ ξ ≥ 1,

(E.11)

where γ is the Euler constant and Γ(·) is the gamma function. The estimated proba-

bilistic mean value and its 95% confidence interval for different GEV distributions

at A2, A7 and A11 is shown in Fig. E.19. The rate of change of µprob at location

A7 is lower than at the other two locations along the turnout; this suggests that

the degradation rate at the crossing panel is slower. This finding is in line with

observations reported in [125, 126] that indicated a high rate of settlements in the
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Figure E.16: Probability plot obtained over a month before and after tamping in TP1

and during TP3 period for A2 location.

switch blade area (location A2) and the lowest rate in the area where the longer

sleepers are (just before and around the crossing’s frog).

E.6 Ballast Degradation Monitoring System

To detect changes in ballast quality a statistical test is designed considering two

alternative hypotheses: H0 corresponds to ballast status right after a tamping or

renewal event, and H1 describes the ballast status between maintenance events.

Since the probabilistic mean of the GEV distribution captures the total variation,

both in terms of trend and dispersion, the statistical test is set up as follows:

H0 : µprob = µprob,0

H1 : µprob 6= µprob,0

where µprob,0 is the value of the probabilistic mean under the hypothesis H0. Equa-

tion (E.11) shows that the probabilistic mean is function of the GEV paramters,
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Figure E.17: Probability plot obtained over a month before and after tamping in TP1

and during TP3 period for A7 and A11 locations.

therefore the detection problem can be reformulated as parameter test, that is

H0 : θ = θ0

H1 : θ 6= θ0

where θ = [µ, σ, ξ]T is the vector of the GEV paramters and θ0 is the value it takes

under the hypothesis H0, which is assumed to be known. To carry out such test with

the highest possible performance, i.e. lowest number of false alarms and highest

probability of detection, a proper test statistic should be developed first. The test

statistic is developed applying the generalized likelihood ratio test (GLRT) approach

based on the GEV distribution. The GLRT is chosen because it enables the design of

a flexible monitoring tool able to address a-priori unknown changes.

E.6.1 G-GLRT detector design

Assume that the estimated first track resonance frequency ω̂n,1 obtained for faulty

and healthy cases (before and after tamping) is a realization of random GEV “type

III” process. The distribution of N independent and identically distributed (i.i.d.)

samples, denoted as x = [ω̂n,1(k − N), . . . , ω̂n,1(k)]T for the sake of simplicity, is
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Figure E.18: Maximum likelihood estimate of the GEV parameters obtained for

location A2.

characterized using the following PDF,

G(x;θ) =
(

1
σ

)N N∏
i=1

exp

−(1 + ξ

(
xi − µ
σ

))− 1
ξ


×

N∏
i=1

(
1 + ξ

(
xi − µ
σ

))−1− 1
ξ

(E.12)

where N is the total number of IC3 trains in the speed range [158, 160] km/h passing

through the monitored S&C over monthly periods. The GLRT detector decides H1 if

LG(x) = G(x; θ̂1,H1)
G(x;θ0,H0) > γ (E.13)

where θ̂1 is the MLE of the GEV parameters under the hypothesis H1 and γ is the

threshold calculated to obtain the desired probability of false alarms. To compute

LG(x), the unknown parameters are estimated by maximizing G(x; θ̂1,H1) with

respect to the parameter vector. The log-likelihood for the GEV parameters when
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Figure E.19: Probabilistic mean value and its 95% confidence interval obtained for

locations A2 (top), A7 (middle), and A11 (bottom).

ξ1 6= 0 is [127],

−N ln σ1 − (1 + 1
ξ1

)
N∑
i=1

ln
[

1 + ξ1

(
xi − µ1

σ1

)]
−

N∑
i=1

[
1 + ξ1

(
xi − µ1

σ1

)]− 1
ξ1

,

(E.14)

provided that [
1 + ξ1

(
xi − µ1

σ1

)]
> 0.

From (E.14) the MLE of θ1 is computed using standard numerical optimization

algorithms, since an analytic solution does not exist. By substituting (E.12) into

(E.13), taking the natural logarithm of both sides of the resultant equation and

replacing θ1 parameters with their estimates and ln γ with γ′, it is possible to derive

the explicit form of the detector. For the kw-th window containing a batch of data
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the test statistic LG(x) is obtained as

LG(x) = N ln
(
σ0

σ̂1

)
− (1 + 1

ξ̂1
)
N∑
i=1

ln
[

1 + ξ̂1

(
xi − µ̂1

σ̂1

)]

+ (1 + 1
ξ0

)
N∑
i=1

ln
[

1 + ξ0

(
xi − µ0

σ0

)]
−

N∑
i=1

[
1 + ξ̂1

(
xi − µ̂1

σ̂1

)]− 1
ξ̂1

+
N∑
i=1

[
1 + ξ0

(
xi − µ0

σ0

)]− 1
ξ0

> γ′ (E.15)

E.6.2 Impact of weather phenomena on ballast stiffness

Weather phenomena as precipitations and seasonal temperature variations can

influence the track stiffness by temporary altering some of the physical character-

istics of the track components. In [128] it is shown that a significant change in

the natural frequency of a ballasted bridge takes place after the temperature drops

below 0°C. There are some other studies stating that the track stiffness does not vary

considerably due to seasonal change [33, 83]. A system able to reliably monitor

degradation due to wear and tear should be made insensitive to momentary changes

of stiffness due to weather phenomena; therefore it is meaningful to evaluate if

the estimates of the first track resonance frequency shows trend that correlate with

variations in air temperature of the amount of precipitation. In this study, the precip-

itations and temperature gradients are monitored over the total period considered

in the degradation analysis, as shown in Fig. E.20 where monthly averages are

reported based on data collected in a weather station located 24 km South-West of

Tommerup station. It can be observed that the average temperature never dropped

below 0°C. Further, the trend observed in the probability plot shown in Fig. E.16

indicates a gradual degradation of the ballast layer, regardless of the amount of

precipitation and temperature changes (the trend has not changed from summer to

winter). Therefore, the change in the probability plot over the considered period is

mainly due to the change in the quality of ballast, and the contribution of weather

phenomena is considered negligible.

E.7 Method Implementation and Verification

E.7.1 Set-up of the G-GLRT detector

To employ the G-GLRT detector for the monitoring of the ballast quality the

parameter vector θ0 needs to be computed. Its value is not known a-priori and

changes every time a ballast maintenance action is performed since the stiffness of
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Figure E.20: Average air temperature and precipitation over the considered mon-

itoring period. Data provided by Danish Meteorological Institute, Assens weather

station.

the ballast layer cannot be completely restored to the value as new. Let θ̄0 be the

value of the GEV parameter vector associated with the ballast quality after a renewal

action. As time progresses in response to the accumulated tonnage the ballast layer

progressively degrades until a tamping action takes place. After tamping has occurred

the ballast quality is described by αθ̄0 with 0 < α < 1, since the full recovery of the

initial stiffness is not achievable. This implies that the parameter vector θ0 needs

to be estimated after every maintenance/renewal action in order to capture the

actual stiffness characteristics of the ballast layer. In between maintenance events

θ0 is known and constant. The operational profile of the ballast monitoring system

distinguishes two phases:

Estimation phase - Let Tm be the time at which a ballast maintenance or renewal

action takes place. Then the MLE of the GEV parameter vector under the hypothesis

H0 is computed exploiting data collected during the passage of ME trains of the

chosen type (low axle load and high travelling speed). Once θ̂0 is available the
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G-GLRT detector switches into the detection phase.

Detection phase - Using (E.15) the detector monitors the status of the ballast until

a new maintenance action occurs. A detection window function of the number of

trains MD passing through the turnout within a given time span is used to perform

the periodic monitoring. The selection of ME and MD influence the performance

of the monitoring system in its ability to deliver a timely and accurate detection

of ballast degradation. Right after a tamping event has occurred there is a settling

time between three and six months when the ballast gravel settles under the loading

of the passing trains. In this period the ballast stiffness reaches the new steady

state value. Therefore ME should preferably be the number of trains corresponding

to minimum a three months period after tamping. The size MD of the detection

window is a trade-off between the promptness and the accuracy of the detection: a

large MD will induce a more monotonic behaviour of the G-GLRT index, whereas a

small MD will enable a more timely detection.

E.7.2 Performance evaluation

The designed condition monitoring system for ballast degradation is tested to

verify its ability to track gradual and systematic variations of the ballast quality as

the cumulative loading increases over time. Emphasis in the performance evaluation

is put on the impact that different choices of ME and MD have on achieving

a monotonic behaviour of the G-GLRT, thereby reducing the uncertainty about

existing degradation trends. The performance evaluation does not address aspects

of detection, which would require the characterization of ballast quality levels

with respect to ranges of variation of the G-GLRT and the consequent selection

of the threshold γ′ by trading off between desired probabilities of detection and

false alarms. Since there is a long time gap between the periods TP1 and TP3 the

monitoring signal x built in these two periods is analysed separately. To evaluate

the ability of the G-GLRT to address a change in ballast quality due to tamping,

the first monitoring signal is constructed as x = [ωT
n,1BT ,ω

T
n,1AT ]T, where, ωn,1AT

is the vector of estimated first track resonance frequencies during the first month

after tamping in TP1. It is worth noting that due to the lack of good-quality data

in TP1, the data recorded in this period is not taken into account in the process of

the GLR algorithm. However, ωn,1AT is obtained by choosing the good quality data

recorded during the one-month period right after the tamping event in TP1. In the

subsequent analysis it is assumed that ME = MD, and three different window sizes

(two weeks, one month and three months) are considered. Overlap between two

consecutive data windows is considered only for the window size of three months. A

visualization of the data population (number of train passages) within different time
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Figure E.21: Number of IC3 trains passing through the S&C at Tommerup station

with a travelling speed in the range [158, 160] km/h during September 2017.

intervals is shown in Fig. E.21.

Window size 2 weeks, no overlap – Figure E.22 shows the G-GLRT monitoring

performance at location A2. Gradual degradation of the ballast layer is indeed

pointed out by the monitoring system in the given time period. In August 2018 the

quality of the ballast has approximately returned to its status prior to the tamping

event, and higher degradation is achieved in September 2018. The small window

size introduces undesired fluctuations in the output of the monitoring system, which

determines some uncertainty in capturing the existence of a specific degradation

trend in the period September 2017 - June 2018.

Window size 1 month, no overlap – Figure E.23 shows the G-GLRT monitoring

performance at location A2. The gradual degradation of the ballast layer is again

addressed by the monitoring system and the increased window size attenuates the

undesired fluctuations due to diminished uncertainty in the statistical modelling of

the track first resonance frequency. Therefore the reduced time resolution of the

degradation index is counterbalanced by the reduced uncertainty.

Window size 3 months, overlap 2 months – This configuration of the monitor-

ing system is adopted only for the period TP3 since the low data quality of the period
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Figure E.22: Performance of the monitoring system at location A2; window size 2

weeks, no overlap.

TP1 prevents it. Hence the data gathered during the month right before and right

after tamping are evaluated individually with no overlap. Figures E.24-E.26 show the

obtained results for locations A2, A7 and A11. A clear monotonic degradation trend

is achieved for locations A2 and A7, despite the growth rate of the G-GLRT index is

significantly different; however some fluctuation of the index is still displayed for

location A11.

E.8 Discussion

E.8.1 Ballast degradation

The developed ballast monitoring system successfully tracks changes in ballast

stiffness thanks to the ability of statistically discriminating variations of the track first

resonance frequency. Figures E.22-E.26 demonstrate the impact that the detection

window size has on reducing the uncertainty on the estimated level of ballast quality

as seen from the output of the G-GLRT. The introduction of a window overlap enables

the conjugation of contrasting needs as high temporal resolution (achieved through a
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Figure E.23: Performance of the monitoring system at location A2; window size 1

month, no overlap.

small data batch size) and low uncertainty (obtained through a large data batch size).

The current practice for ballast quality monitoring adopted by railway infrastructure

managers utilizes measurements of longitudinal track alignment recorded every

three months by a track geometry measurement car. This is partly due to the low

degradation rate of the ballast layer and to the cost associated with the measurement

campaigns. However, different turnouts degrade at different rates in relation to

the capacity of the railway line where the S&C is placed and the environmental

factors such as condition of the subgrade. To improve the level of ballast monitoring

the system should be tuned such that it preserves the capability of displaying clear

degradation trends (low uncertainty) while increases the temporal resolution. The

tuning of the monitoring system with three months window size and two months

overlap provides a detection window of one month and displays rather monotonic

trends, thereby fulfilling the different demands.
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Figure E.24: Performance of the monitoring system at location A2; window size 3

months, overlap 2 months.

E.8.2 Plug-and-play ballast monitoring

Due to its data-driven nature the proposed ballast monitoring system is poten-

tially highly portable across the entire railway network. A limiting factor to its

network-wide applicability is the cost associated with the installation of a track-side

measurement system. Despite accelerometers are becoming increasingly cheap with

the widespread of MEMS technologies, the deployment cost will in general be high

because of number of turnouts to be monitored and the necessary ruggedness that

the sensors should have to withstand the harsh operational conditions. A cost-wise

viable alternative to the track-side measurement system is the use of vibration sen-

sors installed on-board in-service trains. However, this may require the modification

of the ballast frequency estimation procedure since the measured vibrations would

contain both train and track dynamics.
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Figure E.25: Performance of the monitoring system at location A7; window size 3

months, overlap 2 months.

E.8.3 Operational tool for infrastructure managers

The adoption of the ballast monitoring system from infrastructure managers for

integration into the legacy systems devoted to maintenance planning requires the

provision of actionable information from the monitoring system itself. As shown

in Figs. E.24-E.26 the G-GLRT index clearly shows the presence of a trend related

to the change in ballast stiffness; however the index value per se does not provide

any immediate insight about the actual quality of the ballast. Railway infrastructure

managers plan maintenance actions when standard indicators chosen to characterize

the track geometry quality are about to cross either operational or safety limits. A

way towards industrial adoption of the ballast monitoring system would then be

the identification of the frequency range of the first track resonance corresponding

to a “sufficiently stiff” ballast from an operational/safety standpoint, and thereby

determine the threshold that distinguishes this scenario from the “insufficiently

stiff” one. Theoretically, if x is i.i.d. then based on G(x;θ0) the threshold γ′ for

the desired probability of false alarms PFA is computed using the Neyman-Pearson
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Figure E.26: Performance of the monitoring system at location A11; window size 3

months, overlap 2 months.

theorem [129, Chapter 3] as

PFA =
∫
LG(x)>γ′

G(x;θ0) dx. (E.16)

Further, if the dimension of x tends to infinity then the modified test statistics

2LG(x) asymptotically converges to a chi-squared distribution with r degrees of

freedom [129], thereby leading to a constant threshold. Figure E.27 shows an

example of the auto-correlation Cxx(κ) of x, where κ denotes the κ-th estimation of

first track resonance. The auto-correlation stays within the confidence bounds most

of the time; this suggests that the signal x could be practically white. To further

verify this hypothesis a whiteness test [130] is applied.

Given the auto-correlation function

Cxx(κ) = N−1
N−κ∑
k=1

x(k + κ)x(κ) (κ ≥ 0) (E.17)
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Figure E.27: Autocorrelation for x containing the first track resonance estimation

during a month after tamping (November 2016) at location A2.

then the test statistic of the whitness test is given by

R(m,N) = N

C2
xx(0)

m∑
i=1

C2
xx(i). (E.18)

Let Ta be the whiteness threshold selected to obtain the probability of false alarms α,

i.e. α = Pr{R > Ta}. If R ≤ Ta then x is a white and serially uncorrelated sequence

over a range of m data points. Setting α = 0.05 the whiteness test returns p-values

equal to 0.95, 0.62 and 0.001 for A2, A11 and A7 locations, respectively. It can then

be concluded that x is i.i.d. at locations A2 and A11, whereas it is not at location A7.

Despite the i.i.d. assumption is verified in two out of three cases, the data record is

not is not large enough for the test statistics 2LG(x) to converge to its asymptotic

limit. Hence the determination of the threshold would be better addressed based on

the empirical analysis of the output of the test statistics (E.15). Although theoreti-

cally well founded and empirically implementable, the aforementioned approach

is challenged by the possibility of quantitatively identifying the “sufficiently stiff”

ballast condition either on theoretical considerations or operational know-how. A

more practicable approach could be the creation of an empirical mapping between

the G-GLRT index and the track quality index already adopted by infrastructure

managers in agreement with standard norms. The projection of the proposed ballast

quality index into an existing one would also facilitate acceptance from industry

as its meaning would be transparent. The identification of such mapping is not

considered in this paper and it will be matter of future research.
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E.9 Conclusion

A condition monitoring system for the assessment of ballast quality in railway

turnouts was proposed in this study. The monitoring system consists of a frequency

estimator and GLRT based change detection algorithm specifically designed for

GEV distributed random processes. The frequency estimator combines the EMD

and N4SID algorithms to provide a robust estimate of the track first resonance fre-

quency exploiting track vertical accelerations induce by train passage. The estimated

frequency is then utilized to create the statistical model at the core of the GLRT

algorithm. The ballast monitoring system was developed and verified using full

scale measurements collected over a period of almost two years in a turnout of the

Danish railway infrastructure. The performed testing demonstrates the clear ability

of the monitoring system to address the degradation of the ballast layer due to the

accumulated loading of the track. The trade-off between temporal resolution and

accuracy of the monitoring index was discussed in connection with the selection of

the detection window. Based on the presented results and the provided discussion it

can be concluded that the developed ballast monitoring system is a practicable tool

for railway infrastructure managers to obtain actionable information about the state

of health of their asset with higher temporal resolution and possibly accuracy than

the means currently available to the industry.

Acknowledgements

This research study has been carried out as part of the INTELLISWITCH project.

The financial supported by Innovation Fund Denmark, with grant number 4109-

00003B, is gratefully acknowledged. Strong appreciation goes to the Danish Meteo-

rological Institute for free provision of the weather data utilized in this study.

http://www.intelliswitch.dk/




Paper F

Monitoring of Railpad Long-term
Condition in Turnouts Using
Extreme Value Distributions
Pegah Barkhordari*1, Roberto Galeazzi1, Mogens Blanke1

1Department of Electrical Engineering, Automation and Control Group, Technical

University of Denmark, Elektrovej Building 326, 2800, Kgs. Lyngby, Denmark

Abstract: The railpad is a key element in railway infrastructures that plays an

essential role in the train-track dynamics. Presence of worn or defective railpads

along railway track may lead to large wheel/rail interaction forces, and a high rate

of deterioration for track components. Despite the importance of railpad, the track

infrastructure managers use no inspection tool for monitoring in-service railpads over

time. In this paper, a novel data-driven monitoring tool for long-term performance

analysis of in-service railpads is developed based on train-induced vibration data

collected by a track-side measurement system. The monitoring tool consists of

a method for track resonance frequencies estimation, a temperature-frequency

model for describing railpad behavior with respect to ambient temperature, and a

generalized likelihood ratio test based on the generalized extreme value distribution

for detecting changes in the railpad status over time. To evaluate the performance

of the proposed monitoring system, the status of railpads at four different locations

along a railway turnout is monitored over a period of 18 months. It is shown that

the monitoring system can successfully detect changes in railpad properties over the

considered period.
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F.1 Introduction

Performance of turnouts as vital elements of railway infrastructure significantly

influences the safety and capacity of railway networks. Reliability and availability

of a railway turnout strongly depend on the long-term condition of its components.

Among the different components, ballast and railpad are key elements which play

an essential role in dynamic behavior of railway track along the turnout.

The railpad is an elastic layer placed between the rail and sleepers which attenuates

wheel/rail interaction forces. The stiffness of the railpad is a significant parameter

affecting the track deterioration rate and the train-induced noise and vibration level

[131]. Railway tracks with stiff railpads typically experience large wheel/track

interaction forces and a relatively high level of rolling noise [115]. Soft railpads,

on the other hand, result in a lower interaction force and rolling noise. However,

they can accelerate the deterioration of track components [60]. It is therefore

important to not only determine an optimal range for the stiffness of railpads at

the design stage of railway tracks, but also monitor the long-term variations of

the stiffness for railpads in service. The latter needs a comprehensive analysis

of field data through a method which takes into account different influencing

parameters. There are several factors impacting the railpad stiffness, such as preload,

temperature and aging [60]. Effect of preload on the dynamic characteristics of

railpads has been investigated in a number of studies by performing laboratory

tests [60, 61, 62, 63]. These studies confirm the dependency of railpad stiffness

on preload, and indicate that the stiffness increases with increasing the applied

preload. In some research studies, laboratory measurements have been made in

order to examine the behavior of railpads at different temperatures. Dependence

of railpad properties on temperature was studied in [64] and [65] by measuring

variations in the stiffness of two railpad materials over a temperature range of

−20°C to 40°C. A clear increase in the stiffness with decreasing temperature was

observed for both railpads. A combination of dynamic mechanical analysis (DMA)

and the time-temperature superposition principle was used in [60] to investigate the

dynamic properties of three different types of railpads under temperature-controlled

conditions. Based on the obtained results, it was concluded that the stiffness of

railpads and, therefore, dynamic behavior of railway track vary between hot and

cold days. A nonlinear behavior was observed in [66] for three different railpad

materials tested at temperatures between −40°C to 70°C. The stiffness was shown

to be more significantly sensitive to temperature variation below 10°C. Unlike the

aforementioned factors, aging causes permanent changes in railpad stiffness. The

effect of aging has been investigated by researchers through comparing the dynamic
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properties of new and worn railpads. An instrumented impact hammer and a single

degree of freedom model were used in [67] in order to examine the frequency

response function of railpads at different ages. Complex stiffness of new and worn

FC9 railpads were obtained in [60] by performing laboratory tests. The complex

stiffness of the worn railpad was found to be significantly smaller than the stiffness of

the new one. A similar study was carried out in [68] and dynamic response of railway

tracks with new and worn railpads obtained from a receptance test were compared.

Based on the obtained results, it was concluded that the antiphase movement of rail

and sleeper in the track with worn pads occurs at lower frequencies.

F.1.1 Main contribution

This paper proposes a novel data-driven monitoring tool based on statistical

analysis of railpad characteristics over time. As discussed earlier, changes in dynamic

properties of railpad can be caused by different factors. For detecting deficiencies in

the performance of in-service railpads, it is therefore of high importance that the

monitoring tool can distinguish permanent variations of the stiffness associated with

deterioration of railpad from variations caused by the other factors. This paper is

intended to provide a tool with such a capability through minimizing the preload and

temperature effects in the long-term performance analysis of railpads. In order to

develop the monitoring tool, acceleration response of the track measured at different

locations along a railway turnout by using a track-side measurement system is

exploited. The data collected over a period of 18 months from September 2017

to February 2019 is considered for the analysis. The method presented in [75] is

employed to extract the second track resonance frequency representing the dynamic

behavior of the railpad layer. Effect of the preload is minimized by considering

a pool of data corresponding to the passage of identical trains with a low level

of variation in the axle load. A model describing temperature dependence of the

railpad properties is then obtained by utilizing temperature data and the estimated

resonance frequencies. This model is used for the purpose of minimizing the effect

of temperature variation on the estimated track resonance frequency. A change

detection algorithm is then designed to monitor the quality of the railpad layer. The

novel data-driven tool developed in this study is robust to uncertainties present in

the train-induced vibration data, and ambient temperature variations.

The paper is organized as follows: Section F.2 describes the track-side mea-

surement system used to collect the data. Section F.3 presents an overview of the

proposed monitoring method. Section F.4 discusses effects of preload and tem-

perature variations on the estimated frequencies. Section F.5 provides a detailed

description of the monitoring system design. Section F.6 examines the performance
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Figure F.1: Layout of the sensors location along the turnout at Tommerup station

(Fyn - Denmark). The data utilized in this work refer to vertical accelerations

measured by accelerometers A2,A4, A7 and A11.

of the monitoring tool, while Section F.7 discusses the detection problem at hand

and the adoption of the monitoring system by railway infrastructure managers. Last,

Section F.8 provides concluding remarks.

F.2 Track-side measurement system

The intelligent data-driven tool for monitoring the railpad status over time

exploits the data collected by a track side measurement system located at a turnout

of the Danish railway network. As shown in Fig. F.1, the turnout is instrumented

with 12 2-axis accelerometers (measurement range: ±500g), 3 displacement sensors

(measurement range: ±20mm) and 3 wheel detectors. All sensors are connected

to a data acquisition system, where the data is band-pass filtered, amplified and

temporarily stored. The wheel detectors are employed to activate the measurement

system for automatic data recording during the passage of each train through the

turnout. Vertical and lateral accelerations of the rail are measured using the 2-axis

accelerometers magnetically installed on the rail web. Displacement sensors are

mounted on the sleepers to measure their vertical displacement. The sampling

frequency is set to Fs = 20 kHz in the data acquisition system. Pictures of a selected

accelerometer and a wheel detector are shown in Fig. F.2.

As an example, Fig. F.3 shows the normalized vertical acceleration and the time-

shifted output of the wheel detector recorded at location A7 during the passage of

an IC3 train. The normalized acceleration is obtained as ā = a/max(|a|). Measured

data presented in this paper is anonymized to comply with the policy of the Danish

railway infrastructure manager. In order to find the time instants when the train

wheels pass through a measurement location along the turnout (A2, A4, A7 or A11),

the output of the wheel detector, WS(t), is shifted in time (i.e., synchronized with
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(a) Accelerometer A5 magnetically connected
to the rail web

(b) Wheel detector sensor mounted in proximity
of the rail web

Figure F.2: Sample pictures of the instrumentation installed along the turnout at

Tommerup station (Fyn - Denmark).
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Figure F.3: The track vertical acceleration measured at location A7 in response to a

IC3 passenger train and the time-shifted wheel detector signal.
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the measured acceleration ā(t)). The time shift τ is calculated by utilizing the train

speed and the known distances between the wheel detector and the accelerometers.

An axle load checkpoint (ALC) system is installed in a nearby station located

about 7 km from Tommerup station. This system provides information about the

axle loads of the passing trains, which is utilized to choose trains with relatively low

axle loads and minimum axle load variation, appropriate for the analysis carried out

in this paper. This choice is further discussed in Section F.4.

F.3 Method overview

The monitoring system consists of four stages: (i) the pre-processing of the

train-induced vibration data including low-pass filtering and signal slicing; (ii) the

extraction of the track vibration characteristics (i.e., resonance frequency and damp-

ing) representing the railpad behavior, by employing a combination of an advanced

signal processing technique and a subspace identification method; (iii) the genera-

tion of a residual signal by temperature compensation of the estimated resonance

frequency; (iv) the monitoring of the railpad status by means of a statistical change

detection algorithm. A schematic of the monitoring strategy is shown in Fig. F.4.

The acceleration signals āi collected by the track-side measurement system during

the passage of Nt IC3 trains are fed to the algorithm. In the pre-processing block,

the signals are first low-pass filtered using a 3rd order Butterworth filter with a

cut-off frequency of 1000Hz. This cut-off frequency is chosen based on the frequency

interval in which the dynamic behavior of the turnout in relation to the ballast and

railpad layers is expected [74]. The filtered signals are then sliced at every two

adjacent wheels corresponding to the passage of each bogie. The signal segments

obtained in the pre-processing stage (i.e., āi,1, āi,2, ..., āi,Bi , where Bi is the number

of bogies of the i-th train) are used as inputs to the next stage where the Empirical

Mode Decomposition (EMD) algorithm is adopted for signal processing. The intrinsic

oscillatory modes (I = (IMF1, IMF2, ...)) of each signal segment are extracted using

the EMD algorithm. Figure F.5 provides an example of the obtained signal segment

and the corresponding extracted IMFs at location A7.

The frequency content of the second IMF (IMF2) lies within the interval in which

the second track resonance frequency, corresponding to the antiphase vibrations

of the rail and sleeper on the flexibility of the railpad layer, is expected [75]. The

subspace state space identification algorithm (N4SID) is adopted to identify a model

for IMF2. Since each IMF contains one dominant oscillatory mode of the acceleration

signal, a model of order 2 is adequate to represent its dominant behavior. For the

second IMF extracted from the s-th segment of the i-th acceleration signal āi,s, the



F.3. Method overview 209

Figure F.4: Proposed method for monitoring the railpad status
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Figure F.5: The sliced track acceleration in response to a bogie passage and the

extracted IMFs.

canonical realization of the discrete-time state space model is given as follow,

Mi,s :

x̂i,s(k + 1) = Âi,sx̂i,s(k)

ŷi,s(k) = Ĉi,sx̂i,s(k)
. (F.1)

The resonance frequency corresponding to the model identified for the IMF2 can be

computed by means of eigenvalue analysis,

(ω̂2)i,s = | ln(λ1(Âi,s)) |
2πTs

, (F.2)

where λ1(Âi,s) is the eigenvalue of the complex pair associated with the matrix Âi,s

and Ts is the sampling time. To achieve a robust estimation procedure, a single

estimation of the second track resonance frequency (ω̂n,2)i is computed for each

train passage by taking the median over all estimated track resonance frequencies
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obtained from the identified models. The first and the second stages of the proposed

method are thoroughly explained in [75].

In the third stage of the method, a temperature-frequency model MT describing

the relation between the estimated second track resonance frequencies and ambient

temperature is obtained. Hourly temperature data is used as input to this model,

and a residual sequence r in which the temperature effect is minimized is calculated

based on the output of the model (ω̂M
n,2) and the vector of the estimated frequencies

(ω̂n,2). This stage is discussed in details in Section F.4. In the final stage, a statistical

distribution is fitted to the obtained residual sequence. The generalized likelihood

ratio test based on the generalized extreme value distribution (G-GLRT) is then

exploited for detecting changes in the distribution of the residual sequence over

time.

F.4 Preload and temperature effects

As discussed earlier, there is a number of factors that affects the properties of

the railpad and, consequently, the second track resonance frequency. To properly

monitor the railpad quality over time, it is necessary to distinguish between the

changes in the railpad properties associated with the preload and temperature effects

and the changes linked to the aging/deterioration effect. The effects of the preload

and temperature on the estimated frequencies are first analyzed; then the strategies

adopted for minimizing these effects are presented.

F.4.1 Preload effect

According to the analysis performed in [132], wheel preload applied to a railpad

significantly influences its stiffness. The stiffness of the railpad has been shown to

increase with increasing the wheel preload. Since different types of trains with a

variety of wheel loads are passing through the turnout, a considerable variation is

observed in the estimated values of the second track resonance. In order to attenuate

the effect of wheel load variations, only the track acceleration signals induced by a

batch of identical IC3 trains with minimum wheel load variation are considered in

the analysis. Figure F.6 shows the averaged axle loads and the 1σ standard deviation

for IC3 trains which have passed through the turnout over a period of one month

(September 2017).

For a given train withNB bogies, the maximum track acceleration amax caused by

the passage of each bogie is obtained. The mean value of the maximum accelerations
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Figure F.6: Mean-value of the axle loads and their 1 σ standard deviation over a

period of one month.

āmax is then calculated for each train

āmax = 1
NB

NB∑
n=1

amax(n). (F.3)

At each location along the turnout (A2, A4, A7 and A11), values of āmax are extracted

from the acceleration signals induced by IC3 trains, with the speed ranging from

155 to 160 km/h, over monthly periods. Probability plots for the obtained values

exhibit a similar behavior over the total period, as shown in Figs. F.7-F.8. In fact,

there is a small difference between the probability distributions in relation to the

mean value and variance. The obtained results confirm that the effect of variations

in the axle loads of the considered IC3 trains is statistically negligible.

F.4.2 Temperature effect

The 11 months period September 2017 – July 2018 is considered for analyzing

the effect of ambient temperature on the estimated frequencies associated with

the behavior of the railpad layer. The considered period covers a wide range of

temperature variation from −5°C to 30°C. Hourly temperature data collected at

the Årslev weather station (located 30 km South-East of Tommerup station) is

provided by the Danish Meteorological Institute for the whole period. To assess the

relation between the ambient temperature and the second track resonance frequency,

variations of the estimated frequencies in the temperature domain are investigated.
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Figure F.7: Statistical characteristic of the averaged maximum acceleration; IC3

trains at locations A2 and A4.
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Figure F.8: Statistical characteristic of the averaged maximum acceleration; IC3

trains at locations A7 and A11.
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Figure F.9: Median of the estimated second track resonance frequency with respect

to the ambient temperature at locations A2 and A4.

The whole temperature range from −5°C to 30°C is divided into 18 segments. The

following steps are then executed to obtain temperature-frequency data points:

(i) utilizing the hourly temperature data and the train passage time information

provided by the track-side measurement system, all the acceleration signals are

categorized into 18 groups according to the temperature segment in which they

are measured; (ii) by applying the proposed method (stages 1 and 2) described in

Section F.3 to the acceleration signals in each group, a vector containing estimations

of the second track resonance frequency is obtained; (iii) the median is taken over

all frequency estimations in each vector; (iv) for each group, the calculated median

and the mean value of the corresponding temperature segment are considered as a

temperature-frequency data point.

Figures F.9-F.10 show the medians of the estimated track resonances and their

median absolute deviations (MAD) plotted with respect to ambient temperature,

for locations A2, A4, A7 and A11. It can be seen that the estimated resonance

frequency decreases with an increase in temperature, at all the locations except

A4. Although railpads of the same type are installed at all locations along the

turnout, A2 and A11 are the only locations at which a similar frequency (y-axis)

range is seen. The different frequency range observed at locations A4 and A7 is

due to the different dynamic behavior at these locations caused by variations in

the track geometry along the turnout, i.e., change in sleeper length at the crossing

panel (A7) and rail discontinuity at the switch blades area (A4) [82]. The data

points obtained at locations A2 and A11 are combined to derive a robust model

representing the behavior of the second track resonance frequency as a function of

temperature. Figure F.11 shows the combined data points and a piecewise linear
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Figure F.10: Median of the estimated second track resonance frequency with respect

to the ambient temperature at locations A7 and A11.

regression model fitted to them. This type of regression is chosen to improve the

robustness of the temperature-frequency model. The reason is that the temperature

data (x-axis) is hourly measured with highly accurate temperature sensors whereas

the estimated frequency data (y-axis) is affected by different sources of uncertainty

such as small load variations, rail corrugations, wheel defects and measurement

noise. The mathematical representation of the piecewise linear regression model

employed to approximate the relation between the ambient temperature and the

second track resonance frequency for T ∈ [−5 30]◦C is given by,

MT =


(−5.9± 1.3)T + (597.8± 10.4), T ≤ 3.3

578.8± 9.4, 3.3 < T ≤ 19.3

(−5.3± 2.4)T + (681.7± 6.2) T > 19.3

(F.4)

As mentioned earlier, the same type of railpad is used along the entire turnout.

A similar temperature-frequency behavior is therefore expected for the railpads at

all the locations. In order to find regression models describing the temperature

dependence of the second track resonance at locations A4 and A7, the piecewise

linear regression model in (F.4) is shifted along the y-axis (ω̃n,2 axis). Figure

F.12 shows the median of the second track resonance frequency with respect to

temperature, and the shifted piecewise linear regression model for locations A4 and

A7. As it can be seen, the model is capable to properly describe the relation between

the second track resonance and the ambient temperature, at location A7. However,

the temperature-frequency data points obtained for location A4 exhibit a different

behavior, particularly for temperatures greater than 20◦C. This different behavior

can be due to a defect/malfunction or deterioration in the quality of the railpad at
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Figure F.11: Piecewise linear regression model fitted to the median of the estimated

track resonances.

this location. However, the root cause of this behavior has not been identified since

it was not possible to dismantle the track and examine the quality of the in-service

railpad at this location.

The temperature-frequency piecewise linear regression model is used in this study

to isolate temperature-related variations of the second track resonance frequency

from the variations caused by railpad defects or deterioration (i.e., aging effect).

F.5 Monitoring tool design

In order to design a tool for monitoring the condition of the railpads and detect

the deterioration process occurring over time, a detection signal in which the tem-

perature effect is minimized must be defined. For this purpose, the following steps

are carried out

(i) The hourly temperature data and time information provided by the track-side

measurement system are used to assign a temperature to each estimation of

resonance frequency (ω̂n,2)i extracted from a recorded acceleration signal ai
by using the method discussed in Section F.3.



F.5. Monitoring tool design 217

-5 0 5 10 15 20 25 30

480

500

520

540

560

580

600

(a) A4 location

-5 0 5 10 15 20 25 30

580

600

620

640

660

680

700

(b) A7 location

Figure F.12: Piecewise linear regression model compared with the median of the

estimated second track resonance frequency with respect to the ambient temperature

at locations A4 and A7.

(ii) The assigned temperature is utilized as input to the piecewise linear regression

model to predict the second track resonance frequency, (ω̂M
n,2)i.

(iii) Steps (i) and (ii) are repeated for all acceleration signals recorded over monthly

periods to obtain the frequency vectors ω̂n,2 and ω̂M
n,2 (see Fig. F.4).

(iv) The detection signal is then defined as r = ω̂n,2 − ω̂M
n,2.

F.5.1 Statistical characterization

In the process of designing a statistical change detection algorithm the distri-

bution that well approximate the statistical behavior of the residual r must be

determined. Suitability of different distributions has been examined. Among those,

three distributions which can better represent the behaviour of the residual sequence,

i.e. the Gaussian distribution (N ), the Weibull distribution (W) and the Generalized

Extreme Value distribution (G), are compared to find the best fit to the data.

Figures F.13-F.14 show the probability plots of the residual sequences obtained for

locations A2, A4, A7 and A11 in September 2017 and the three types of distributions

fitted to them. It can be seen that the generalized extreme value (GEV) distribution

better characterizes the statistical behavior of the residual sequences. Parameters of

the obtained distributions and their goodness of fit calculated using the Kolmogorov-

Smirnov (K-S) test are given in Table F.1, which also confirm that the GEV distribution

is the best fit to the data at all considered locations.



218
Paper F. Monitoring of Railpad Long-term Condition in Turnouts Using Extreme

Value Distributions

-150 -100 -50 0 50

0.0001

0.0005
0.001

0.005
0.01

0.05

0.1

0.25

0.5

0.75

0.9

0.95

0.99
0.995

0.999

0.9999

(a) A2

-200 -150 -100 -50 0 50 100

0.0001

0.0005
0.001

0.005
0.01

0.05

0.1

0.25

0.5

0.75

0.9

0.95

0.99
0.995

0.999

0.9999

(b) A4

Figure F.13: Probability plots for residual sequence at locations A2 and A4. Weibull

(W), Gaussian (N ), and GEV (G) distributions fitted to the data.

-200 -150 -100 -50 0 50

0.0001

0.0005
0.001

0.005
0.01

0.05

0.1

0.25

0.5

0.75

0.9

0.95

0.99
0.995

0.999

0.9999

(a) A7

-200 -150 -100 -50 0 50

0.0001

0.0005
0.001

0.005
0.01

0.05

0.1

0.25

0.5

0.75

0.9

0.95

0.99
0.995

0.999

0.9999

(b) A11

Figure F.14: Probability plots for residual sequence at locations A7 and A11. Weibull

(W), Gaussian (N ), and GEV (G) distributions fitted to the data.
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Table F.1: Parameters of the considered distributions and their corresponding p-value

Location residual Distribution Parameters p-value

r

G ξ = −0.48, σ = 28.71, µ = −8.97 0.51

A2 W α = 10.24, β = 237.10, µ = −228.04 0.13

N σ = 26.65, µ = −2.24 0.19

r

G ξ = −0.41, σ = 45.24, µ = −42.30 0.32

A4 W α = 5.97, β = 233.56, µ = −246.05 0.22

N σ = 43.15, µ = −29.84 0.13

r

G ξ = −0.62, σ = 38.65, µ = −9.62 0.97

A7 W α = 49.72, β = 1304.84, µ = −1292.40 0.73

N σ = 36.14, µ = −3.11 0.02

r

G ξ = −0.57, σ = 35.77, µ = −7.04 0.74

A11 W α = 39.98, β = 1014.71, µ = −1000.33 0.70

N σ = 33.32, µ = −0.18 0.12

The probability density function (PDF) of the GEV distribution chosen for de-

scribing the behavior of the residual sequence is given by,

G(r) = 1
σ

exp
[
−
(

1 + ξ
r − µ
σ

)]− 1
ξ (

1 + ξ
r − µ
σ

)−1− 1
ξ

, (F.5)

defined on the set
{
r : 1 + ξ(r − µ)/σ > 0

}
, where µ, σ and ξ 6= 0 are the location,

scale and shape parameters, respectively. There are three types of GEV distribution

known as Type I (Gumbel), Type II (Frechet) and Type III (Reversed Weibull). The

shape parameter determines the type of the GEV distribution. ξ = 0, ξ > 0 and

ξ < 0 correspond to Type I, Type II and Type III, respectively. According to the

obtained values of the shape parameter presented in Table F.1, the GEV distribution

representing the behavior of the residual sequence is of Type III.

Figure F.15 shows the probability plots of the residual sequences calculated

by considering the track acceleration data collected at locations A2 and A4 over

a period of 18 months. For location A2, the obtained probability plots exhibit no

significant variation over the considered period, indicating that the stiffness of the

railpad at this location did not vary noticeably after isolating the temperature effect.

A different behavior is observed at location A4 where the probability plot of the

residual sequence varies significantly over the considered period. This behavior

implies that the change in the stiffness of the railpad layer at location A4 is caused by

a factor different from temperature and load variations. One possible explanation for

this behavior is that the railpad is worn or defective. As mentioned earlier in Section
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Figure F.15: Probability plot of the residual sequences obtained at A2 and A4 location

F.4, this hypothesis has not been verified since it was not possible to disassemble the

track.

In order to monitor the railpad quality over time, designing a statistical test for

detecting changes in the residual sequence is required. The detection problem can

be formulated as a parameter test,

H0 : θ = θ0

H1 : θ 6= θ0

where θ = [µ, σ, ξ]T is the vector of the GEV parameters and θ0 is its known instance

under the H0 hypothesis. Since the value of θ underH1 is unknown the generalized

likelihood ratio test (GLRT) is employed to design a detector able to discriminate

between the two competing hypothesis.

To calculate the threshold for the change detection that results in the desired

probability of false alarm, theoretical requirements of independent and identically

distributed (iid) samples of the detection signal r should be investigated. In practical

cases, when the residual sequence is non-iid, the actual distribution of the test

statistic signal under H0 is employed to find a threshold value that provides the

desired probability of false alarms. This was shown e.g., in [118, 133].
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F.5.2 G-GLRT detector design

Considering the residual sequence as a realization of random GEV “type III”

process, the distribution of N iid samples is described by,

G(r;θ) =
(

1
σ

)N N∏
i=1

exp

−(1 + ξ

(
ri − µ
σ

))− 1
ξ


×

N∏
i=1

(
1 + ξ

(
ri − µ
σ

))−1− 1
ξ

, (F.6)

in which r = [r(k −N), ..., r(k)]T, and N is the number of identical IC3 trains, with

the speed ranging from 155 to 160 km/h, passing the turnout over monthly periods.

The GLRT detector decides H1 if

LG(r) = G(r; θ̂,H1)
G(r;θ0,H0) > γ, (F.7)

where θ̂ denotes the maximum likelihood estimation (MLE) of the GEV parameters

under the hypothesis H1 and γ is the threshold calculated to provide the desired

probability of false alarms. In order to compute LG(r) in (F.7), the vector of the

unknown parameters θ = [µ, σ, ξ]T must be determined first. This is performed by

maximizing G(r;θ,H1) with respect to θ. The log-likelihood for the GEV parameters

is [127],

`(θ) = −N ln σ −
(

1 + 1
ξ

) N∑
i=1

ln
[

1 + ξ

(
ri − µ
σ

)]

−
N∑
i=1

[
1 + ξ

(
ri − µ
σ

)]− 1
ξ

, (F.8)

when ξ 6= 0 and, [
1 + ξ

(
ri − µ
σ

)]
> 0.

The MLE of θ is obtained from (F.8) by employing standard numerical optimization

algorithms, since an analytical solution does not exist.

Substituting (F.6) into (F.7), the natural logarithm is taken of both sides of the

resultant equation, and vector of parameters θ is then replaced with θ̂, in order

to obtain the explicit form of the detector. For the kw-th time window containing

the residual sequence calculated over a one-month period the test statistic g(kw) is
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obtained as,

g(kw) = N ln
(
σ0

σ̂

)
−

(
1 + 1

ξ̂

)
N∑
i=1

ln
[

1 + ξ̂

(
ri − µ̂
σ̂

)]

+ (1 + 1
ξ0

)
N∑
i=1

ln
[

1 + ξ0

(
ri − µ0

σ0

)]

−
N∑
i=1

[
1 + ξ̂

(
ri − µ̂
σ̂

)]− 1
ξ̂

+
N∑
i=1

[
1 + ξ0

(
ri − µ0

σ0

)]− 1
ξ0

> γ′, (F.9)

where γ′ is ln γ.

According to the Neyman-Pearson theorem [129, Chapter 3], if the residual

sequence is iid, then the threshold γ given by the maximum probability of detection

PD with a desired probability of false alarms PFA can be calculated as solution of

the integral

PFA =
∫
LG(r)>γ

G(r;θ0,H0) dr. (F.10)

When the length of the sequence r is very large (i.e., N → ∞), there exists an

asymptotic result for the modified GLR test statistics 2LG(r) [129]. However, for the

case studied in this paper the length of the residual sequence is short and, therefore,

the asymptotic results are not valid.

F.6 Performance evaluation of the monitoring system

F.6.1 G-GLRT detector set-up and tuning

The first step to get the G-GLRT detector operational is to determine the vector

θ0. For the case considered in this study, θ0 is not invariant in an absolute sense since

it must be recomputed whenever worn railpads are replaced with new ones. The

recalculation of θ0 is carried out to ensure that the actual statistical characteristics

of the residual sequence are captured after railpad replacement. In between the

replacement actions, θ0 is considered to be known and constant.

The monitoring action consists of two phases:

(i) Initialization: For a given location along the turnout, after each railpad

replacement event the residual sequence is obtained by using the track accel-

eration signals and the temperature data collected over a one-month period

(estimation window, ME). The MLE of the GEV distribution parameters under

the hypothesis H0 is then computed for the obtained residual sequence.
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Figure F.16: Plot of auto-correlation of the residual sequence at location of A2,

showing that the samples are correlated.

(ii) Detection: Once θ̂0 is estimated, the test statistic given in (F.9) is calculated

utilizing the residual sequences obtained in monthly periods (detection window,

MD). This process is repeated iteratively until the next railpad replacement

action takes place.

The performance of the monitoring system depends on the selection of both the

estimation window and the detection window. Proper selection of ME leads to a

more accurate characterization of the residual sequence in the initialization phase.

MD influences the test statistic results calculated during the detection phase. A lower

number of fluctuations in the output of the G-GLRT test statistic can be expected

by choosing a large MD; on the other hand a small MD allows a more timely

detection. In this study, a one-month window size is found to be an appropriate

choice which provides a good trade-off between the promptness and the accuracy of

the monitoring tool.

The G-GLRT detector was designed based on the iid assumption of the detection

signal r. To examine the validity of this assumption, the auto-correlation Crr of the

residual sequence r is calculated and shown in Fig. F.16. It can be seen that the

residual sequence is not white and independently distributed, indicating that the

applied detection scheme does not meet the iid assumption. Therefore, calculating a

threshold based on (F.10) leads to a higher number of false alarms and a detector

which is sub-optimal. Moreover, the performance of the detector is significantly

sensitive to the change in statistic over time. Hence, the threshold γg providing the
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desired false alarm rate is computed by using the cumulative density function (CDF)

of the test statistics under the hypothesis H0,

PFA =
∫
{g:g>γg}

p(g;H0) dg. (F.11)

In the latter equation, p(g;H0) is the density function which can well characterize

the behavior of g(kw) at location A2 where the railpad is considered to be in healthy

condition.

Figure F.17 shows the estimation of p(g;H0) from the data g(kw). It is found that

an exponential distribution with the PDF,

p(g;H0) = 1
α0g

exp
(
− g

α0g

)
for α0g > 0, g ≥ 0 (F.12)

is an appropriate fit to the data. Inserting (F.12) into (F.11) the following equation

can be derived

1− PFA =
(

1− exp(− γg
α0g

)
)
H(γg), (F.13)

where H(·) is the Heaviside step function. Having the estimation of the parameter

of the exponential distribution α0g, the threshold for the desired probability of false

alarm can be calculated as,

γg = − ln(PFA)α0g. (F.14)

For the monitoring system to trigger a false alarm every 12 months (i.e., PFA =
0.083), the exponential fit shown in Fig. F.17 gives a threshold γg = 39.2.

F.6.2 Implementation

By considering the residual sequence calculated over a period of 18 months, the

capability of the designed monitoring system for detecting changes in the status of the

railpads at locations A2, A4 and A11 along the turnout is investigated. Figures F.18-

F.20 show the performance of the G-GLRT for the detection and estimation windows

equal to one month, and the threshold γg = 39.2. The shaded area in Fig. F.19

indicates a two-month period in which low-quality data has been collected by the

accelerometer mounted at location A4. This problem was solved by re-installing the

sensor at this location. Figure F.18 shows that the monitoring system has triggered

one false alarm for the railpad at location A2 (in August 2018) within the entire

period of monitoring. The false alarm is amplified in September 2018 and then

withdrawn by the monitoring system in the following month. This observation is

in line with the design consideration for the threshold (i.e., one false alarm every
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Figure F.17: GLRT test statistics g(kw) fitted against an exponential distribution.

12 months) and, therefore, suggesting no significant variation in the status of the

railpad at location A2. The test statistics for location A11 presented in Fig. F.20

shows two false alarms in the considered period, one triggered in January 2018

and one in August 2018. From a probabilistic perspective, occurrence of two false

alarms within the period of 18 months can be expected and it is in accordance

with the design expectation. The obtained result demonstrates that the alarms have

been withdrawn by the monitoring system. Therefore, it can be concluded that

the condition of the railpad at location A11 did not changed during the considered

period. It can be seen from the result provided in Fig. F.19 that the monitoring

system has triggered several alarms, indicating a noticeable change in the status of

the railpad at location A4. The monitoring system has never withdrawn the alarms

after September 2018. Moreover, significant changes are detected from March 2018

to July 2018 which are also visible in the probability plots shown in Fig. F.15.

F.7 Discussion

Currently, there is no inspection tool which can be employed by the track in-

frastructure managers for evaluating the quality of railpads in service. Moreover,

due to the particular configuration of the track infrastructure it is not possible to

visually detect defects in the railpad layer placed between rail and sleepers. There-

fore, examining the status of in-service railpads is a complicated task which may be

accomplished by an appropriate data-driven monitoring tool. The monitoring system

here developed provides the possibility of supervising in-service railpads without
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Figure F.18: Performance of the monitoring system for evaluating the railpad status

at location A2. Window size one month and no overlap.

disassembling the railway track and interrupting railway operations.

F.7.1 Challenges and solutions

Railpads often exhibit a complex behavior over time since their properties are

affected by different factors such as preloading, temperature variations, excitation

frequencies and aging. It is essential that the monitoring tool developed for the

analysis of railpad quality can distinguish changes in railpad stiffness caused by the

aging from those created by other factors. The monitoring tool developed in this

paper is capable to minimize the effect of preloading through considering identical

trains in the analysis, and the effect of temperature by utilizing a temperature-

frequency model obtained for the railpad. The railpad stiffness depends also on

the frequency of the applied excitation force. The influence of speed-dependent

excitation frequencies (i.e., parametric frequencies) is minimized by considering

identical trains with approximately the same speed range. Moreover, a relatively

narrow frequency interval in which the second track resonance frequency is expected

(i.e. [400 650]Hz [69, 77]) is taken into account in the monitoring system design,
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Figure F.19: Performance of the monitoring system for evaluating the railpad status

at location A4. Window size one month and no overlap.

which limits the frequency variations.

F.7.2 False alarms and threshold

The value of the threshold for change detection is selected based on a desired

rate of probability of false alarms which is considered to be one false alarm every

12 months. Currently, railway infrastructure managers replace worn or defective

railpads with new ones based on a periodic maintenance strategy and typically after

a certain number of years. Therefore, monthly estimation of the status of railpads

provided by the designed monitoring tool is not a must. Moreover, in the case of

observing a false alarm triggered by the monitoring system, no immediate action is

required. In fact the railway infrastructure manager can instead wait until new data

is collected and the new value of the test statistics is provided by the monitoring

system. A renewal action can then be executed if the alarm is not withdrawn within

an extended period of time (e.g. 3 - 6 months). In the current study, the results

obtained for the railpads at locations A2 and A11 (Figs. F.18 and F.20) indicate

that the false alarms are withdrawn by the monitoring system and, therefore, no
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Figure F.20: Performance of the monitoring system for evaluating the railpad status

at location A11. Window size one month and no overlap.

renewal action is required. However, a different behavior is observed for location

A4 in Fig. F.19 where the monitoring system does not withdrawn the alarm. This

is presumably due to a defect in the railpad layer at this location. However, this

hypothesis could not be verified.

F.7.3 Portability of the method

Although the designed monitoring tool is employed to evaluate the health status

of railpads along a particular railway turnout, as a data-driven method, it has a

great potential to be portable. The method merely requires the track vibration data

measured over time. The vibration data can be collected by either a track-side

measurement system or by a train equipped with an on-board measurement set-

up. For analysis of the data collected by an on-board measurement system, some

modifications to the proposed track resonance estimation scheme might be required

in order to distinguish between train and track dynamics in the measured data.
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F.8 Conclusions

A novel monitoring tool for the long-term performance analysis of in-service

railpads was designed and tested in this paper. The monitoring tool is a data-driven

system relying on train-induced vibration data collected by a track-side measurement

system. The proposed monitoring method consists of three steps: track resonance

frequencies estimation, temperature-frequency model derivation, and statistical

change detection. To estimate the second track resonance frequency representing

the dynamic behavior of railpad, a combination of the EMD technique and the

N4SID algorithm was employed. A piecewise linear regression model describing

the relation between the ambient temperature and the second track resonance

frequency was then obtained. The vector of the estimated frequencies and the

obtained temperature-frequency model were used to find a residual sequence in

which the temperature effect is minimized. The residual sequence was employed

as input to a G-GLRT change detection algorithm to detect changes in the status

of the railpad layer over time. It was shown that the proposed monitoring tool is

capable of detecting changes in the railpad properties caused by a factor different

from temperature and load variations.

Acknowledgements

This research was part of the INTELLISWITCH project. The research is financially

supported by Innovation Fund Denmark under grant number 4109-00003B. The

authors gratefully acknowledge this support. The authors also thank the Danish

Meteorological Institute for the provision of meteorological data.

http://www.intelliswitch.dk/




Paper G

Prognosis of railway ballast
degradation for turnouts using
track side accelerations
Pegah Barkhordari*1, Roberto Galeazzi1, Mogens Blanke1

1Department of Electrical Engineering, Automation and Control Group, Technical

University of Denmark, Elektrovej Building 326, 2800, Kgs. Lyngby, Denmark

Abstract:

Maintenance of railway turnouts is a major cost driver for any infrastructure manager,

which performs it based on preventive or periodic policies to guarantee minimum

downtime of the infrastructure. Ballast maintenance activities, such as tamping, are

scheduled by thresholding indicators derived from track geometry data in agreement

with European standards. Current industrial practice adopts the same procedures for

the evaluation of track geometry degradation in open track and turnouts. This lack of

specificity may determine unnecessary maintenance actions with detrimental effects

to the turnout dynamical performance. By employing track-side measurements of

track acceleration a probabilistic method for turnout’s ballast quality monitoring was

derived in [70]. The paper further develops such monitoring system by establishing

a mapping between its output and the standard indicator of track geometry quality

used by infrastructure managers to schedule ballast maintenance. This results

in a predictor of track geometry quality with variable prediction horizon that is

functional to the railway infrastructure manager for the predictive planning of

ballast maintenance.
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G.1 Introduction

Mammoth financial resources are spent annually on maintenance of railway

networks to ensure safety, continuous availability and quality. Turnouts are vulner-

able elements in the reliability chain and their performance is preeminent for the

overall network dependability. With one-third of total track maintenance expenses

spent on turnouts, these are heavy posts on maintenance budgets [2]. The proper

performance of a turnout as a complex system highly depends on the health state

of all of its sub-components. Failure of any of these components may lead to break-

down of a turnout, and in the worst case to derailing of a passing train. Recorded

data in the UK in 2009 [12, Chapter 7] showed that ballast failure was among

the top three failure modes of turnouts. It is hence of importance for safety, train

regularity and economy to guarantee the ballast quality at all time. Periodic and

preventive ballast maintenance are currently the most common strategies adopted

by the infrastructure managers to ensure the necessary stiffness of the track support

layer. These maintenance policies are known to be overly conservative in favoring

risk reduction over track utilization. To improve the cost efficiency of railway main-

tenance, predictive policies should be developed with the support of novel condition

indicators that could monitor actual track (ballast) degradation and reliably pre-

dict future degradation trends. Various methods have been proposed in the past

for assessing the quality of railway track. Researchers and engineers have used

direct and indirect techniques, ranging from visual inspection to recently developed

processing techniques and prediction models, to facilitate the decision making and

enable efficient maintenance planning. The ground penetrating radar (GPR), the

cone penetration test (CPT) and visual inspection are the most common direct meth-

ods utilized to evaluate the infrastructure condition. These direct techniques have

few drawbacks discussed in [45, 74, 75]. Indirect techniques mainly exploit track

stiffness as an indicator of the track quality and they rely on vibration data collected

by measurement vehicles or track-side measurement systems to measure/estimate it.

The rolling stiffness measurement vehicle (RSMV) [36], the track loading vehicle

(TLV) [105] and the moving rail car [43] are commonly used measurement vehicles

for assessing track stiffness. Such measurements were accompanied by GPR mea-

surements [134] to correlate RSMV and TLV measurements with the substructure

assessment. Track-side measurement systems have been recently used with the goal

of monitoring the track infrastructure. Le Pen et al. [122] proposed a method for

obtaining the track modulus as a factor influencing the rate of degradation. The

method was based on the combination of Fourier analysis of measured data collected

by sensors mounted on sleepers with a previously developed mathematical model
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(beam on elastic foundation). Barkhordari et al. [75] exploited the train-induced

vibration data collected by a track-side measurement system and developed sta-

tistical low-complexity behavioural models suitable for the condition monitoring

of railway turnouts. The modeling scheme was based on the combination of the

Empirical Mode Decomposition (EMD) with the subspace identification algorithm

N4SID. Statistical models were obtained to characterize the behavior of the first and

second track resonance frequencies as relevant features to monitor track compo-

nents degradation. Railway infrastructure managers monitor the quality of the track

utilizing geometry parameters that are measured using the so-called track geometry

(recording) car. These geometry parameters are recommended by the European

standard EN 13848-6 [80] together with the operational ranges needed to assess the

quality of the railway lines. The ballast quality is indirectly appraised through the

computation of the standard deviation of the track longitudinal level in the wave-

length range from 3 to 25 m (σH), which determines the track quality class and the

proper time for performing the ballast tamping activities [50, 51]. Track geometry

measurements usually occur on a quarterly bases or more seldom in relation to track

utilization. The time interval trades off between the relatively slow development

time of track degradation phenomena and the cost associated with performing such

measurement campaigns. In high-speed lines the measurements are performed every

two-weeks [54, 135] due to their critical nature. However, track quality degradation

is a non-uniform nonlinear phenomenon developing differently from site to site in

connection with actual track quality and exogenous impacting factors as condition

of the subsoil and climate. Therefore, more frequent measurements could provide

additional insight into the track/ballast quality degradation process, but this will

further increase the O&M cost with current adopted methods. Challenges emerge

when the method recommended by the European standard is to be applied for the

monitoring of turnouts; in particular

1. Data collected in subsequent geometry measurement campaigns need to be

spatially aligned to correctly determine which track sections are suffering

degradation. There is an uncertainty associated with the spatial information

provided by the Global Navigation Satellite system (GNSS) onboard the track

recording car [52], which is used for geotagging the data points. The position

accuracy may suffice to reliably estimate σH when calculated over the 200-m
section length, as specified in the European standard. However, the analyses

of degradation over the much shorter sections of a turnout (i.e. switch panel,

closure panel and crossing panel) can be strongly affected by misalignment

errors that could lead to inaccurate classification and assessment of the ballast

quality.
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2. The track quality analysis performed over 200-m long track sections cannot

provide a truthful picture of the turnout condition [53] since this track length

includes either more than one turnout or a turnout combined with an open

track section. This in general leads to an under or overestimate of the ballast

quality.

The first challenge has been overcome by means of different methods for the spatial

alignment of the track geometry data in turnouts [55, 56]. Exploiting the aligned

data, a number of approaches have been developed for analyzing the degradation

of turnouts. Two methods were proposed in [57] for analyzing time series of the

longitudinal level collected over 5 years. The methods were defined based on

variations of several parameters extracted from the profile of the longitudinal level

over the considered period.

Suitability of the presented methods for the degradation analysis and the main-

tenance decision making was discussed. An analysis based on the power spectral

density (PSD) of the longitudinal level measured at four different turnouts in the

Swedish railway network was proposed in [58] and its outcome was compared

with the Chinese PSD standard to determine the track quality condition. It was

discussed that the obtained results can help the infrastructure managers plan and

prioritize the tamping activities. In [59] fractal dimensioning of the longitudinal

level measurements collected from fifteen turnouts was performed to define a ballast

quality index, which was then used together with other endogenous and exogenous

parameters to develop a universal ballast degradation model. The authors addressed

the use of track vibrations as additional information to improve the accuracy of the

long-term forecasting by the model.

While some of the obstacles to the reliable assessment of turnout degradation

based on the measured track geometry data have been overcome in the previous

studies, the proposed methods are still limited to the availability of the track geome-

try measurements. As mentioned earlier, both frequent and occasional executions of

the measurement campaigns have their disadvantages.

One possible solution to these problems is to continuously assess the track quality

along turnouts exploiting data collected by a track-side measurement system. This

has been carried out in [70], where a ballast quality indicator has been developed

exploiting train-induced vibrations. Although the ballast quality indicator proposed

in the latter study can well indicate degradation trends of the ballast layer along

the turnout, its value cannot directly be linked to a specific degradation state

(e.g. not degraded, partly degraded, degraded, severely degraded). Therefore, the

present study focuses on the operationalization of this quality indicator to enable

the determination of the ballast quality class in accordance with the classification
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Figure G.1: Layout of the sensors location along the turnout at Tommerup station

(Fyn - Denmark). The data utilized in this work refer to vertical accelerations

measured by accelerometers A2 (switch panel), A7 (crossing panel) and A11 (13

meters after the tip of crossing).

provided in the European standard. This is achieved by establishing a mapping

between the outcome of the ballast quality indicator proposed in [70] and the track

quality indicator σH adopted by the infrastructure managers.

The paper is structured as follows: first, the track-side measurement system is

presented; then the monitoring architecture presented in [70] is briefly revisited;

subsequently a regression model is obtained to map the proposed indicator into σH
thereby obtaining an estimator of σH ; last the obtained estimator is evaluated on

the available track geometry data for the turnout at hand to determine the ballast

quality class. Tack geometry and vibration data collected over a period of two years

at a turnout of the Danish railway infrastructure are used to perform the analysis.

G.2 Experimental set-up

The track-side measurement set-up consists of a data acquisition system to which

3 wheel detectors, 12 2-axis accelerometers (measurement range: ±500g) and 3

displacement sensors (measurement range: ±20mm) are connected. Signals from

the sensor are conditioned and temporarily stored in the data acquisition system.

The schematic provided in Fig. G.1 shows the location of the sensors along the

instrumented turnout at Tommerup station (Fyn - Denmark). The wheel detectors

are used to enable automatic data recording whenever a train passes through

the turnout. The accelerometers are magnetically mounted on the rail web to

measure train-induced vertical and lateral accelerations. The displacement sensors

are mounted on sleepers and measure the vertical displacement. The signals are

collected at the sampling rate of Fs = 20kHz. Train-induced vertical acceleration

data recorded at the switch panel (A2), crossing panel (A7) and exit of turnout
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Figure G.2: The track acceleration response to an IC3 passenger train and the wheel

detector signal as measured at location A7 (crossing panel).

(A11) are considered for the analysis of ballast degradation. As an example, a

measurement of acceleration collected at location A7 and the time-shifted output of

the wheel detector are shown in Fig. G.2, where ā = a/max(|a|). The time-shifted

output of the wheel detector is exploited for precisely determining the time instants

at which the train bogies are passing through the measurement location. The time

delay τ is calculated based on the distance between the wheel detector and the

accelerometer, and the train speed. Although trains of different types and speeds

pass through the turnout, only IC3 trains with the speed ranging from 158 to 160

km/h are considered in the analysis because, as shown in [69], trains with lower

axle loads and higher speeds better excite the track resonance frequencies.

G.3 Longitudinal level measurement

Quality assessment of railway track can be carried out in two different ways [136]:

(1) analysis of track geometry, and (2) evaluation of the substructure condition. The

former is the most common approach for track quality assessment that relies on the

determination of track geometry indicators using which the maintenance activities
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Figure G.3: Track recording car, the picture is provided by Danish infrastructure

manager (Banedanmark)

Table G.1: Limit values of σH in D1 domain (wavelength 3-25m), [80]

Speed (km/h) Track quality Class

A B C D E

120 < V ≤ 160 < 0.65 0.85 1.4 1.85 > 1.85

are planned. Track geometry cars are commonly used by railway infrastructure

managers to measure longitudinal level, alignment, track gauge, cross level and

twist as typical parameters indicating the track condition. The standard deviation

σH of the track longitudinal level averaged between right and left rails is one of

the most significant geometry indicators recommended by the European standard

EN13848-6 [80] for track quality assessment and ballast maintenance decision

making. According to the standard, for a given train speed range the track geometry

quality can be classified into five classes from A to E depending on the value

of σH , where class A and class E represent the best and the worst 10% of the

distribution of European track quality, respectively. Given the maximum speed

allowed at Tommerup station, the values of σH corresponding to different track

quality classes are provided in Table G.1. A universal measuring vehicle (UFM 120)

shown in Fig. G.3 is currently used by the Danish railway infrastructure manager,

Banedanmark, to measure track geometry parameters at every 25 cm along track

sections in the railway network. Inspection of the track by using the measuring

vehicle is usually performed 3-4 times a year, with an average time interval of 100
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days between the measurement campaigns. The geometry parameters recorded as

time-series are represented in the spatial domain utilizing the information provided

by a GNSS. Due to uncertainty in the position information recorded by the GNSS, a

spatial shift in the data measured over the same track section during two different

measurement campaigns is observed. Therefore, for a given location along the

track, in order to be able to compare the values of a parameter measured during

different campaigns, synchronization of the time-series in the spatial domain must

be performed. This has been done in the present study by means of spatial alignment

according to the methods described in [56, 59]. Figure G.4 shows the standard

deviation of the longitudinal level calculated based on measurements collected by

the universal measuring vehicle in eight measurement campaigns over the period

of two years. In Fig. G.4(a) different sections with length of 200-m including the

turnout under study are taken into account. It can be seen that the obtained track

quality is strongly dependent on the position of the considered section.The significant

difference between the first two sections and section three is due to the fact the

former contain two turnouts and open track while the latter contains only one

turnout and open track. This clearly manifests the raised issue of the unsuitability of

using 200-m long sections to establish a truthful picture of the turnout track quality.

Consequently, scheduling turnout ballast maintenance activities based on the σH
value as currently computed may lead to either unnecessary or delayed actions. It

is hence of paramount importance to localize the analysis to the neighborhood of

critical locations along the turnout. Figure G.4(b) shows the value of σH computed

for locations A2, A7 and A11 using a 10-m long section around that location. This

section length is chosen according to the sensitivity analysis carried out in [137],

which indicates that a single accelerometer can reliably monitor a 10-m long section

along the turnout. The trend of σH clearly shows that the tamping activity has

improved the quality of the track at all three locations along the turnout, although in

different measure. According to the results shown in this figure and the information

provided in Table G.1, the track quality class has changed from class B to class

A at location A2, and from class C to class B at locations A7 and A11. Moreover,

the results obtained from the measurement campaigns subsequent to the tamping

event show the gradual degradation of the ballast quality during the entire period.

Figure G.4(b) distinctly illustrates how track quality degradation occurs unevenly

along the turnout and how, when compared with Fig. G.4(a), it can be wrongly

estimated if data are spurious.
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Figure G.4: Standard deviation of the track longitudinal level measured at different

campaigns over a two-year period.
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Table G.2: Estimated parameter values of the G distribution for data collected before

and after the tamping event.

Location Ballast resonance Distribution Parameters p-value

A2
ωn1BT G ξ = −0.18, σ = 6.59, µ = 158.85 0.05

ωn1AT G ξ = −0.31, σ = 8.36, µ = 167.41 0.44

G.4 Implementation of the monitoring tool

The proposed monitoring tool is designed based on estimations of the first track

resonance frequency ωn,1 representing the statistical behavior of the ballast. In order

to estimate the first resonance frequency, the method introduced in [75] is applied to

the track acceleration data induced by a pool of IC3 trains. To perform the statistical

analysis, data collected within a 2-year period from September 2016 to September

2018 are taken into account. Figures G.5 and G.6 show the obtained histogram

and probability plots for two monthly periods, a month before and a month after

a tamping event, at location A2. The distinct change in ωn,1 detected by applying

the proposed method indicates the effect of tamping event on the improvement of

the ballast quality. Moreover, these figures show that the fitted generalized extreme

value (GEV) distribution G can properly approximate the behavior of the estimated

first track resonance frequency before (ωn1BT ) and after (ωn1AT ) the tamping event.

The probability density function of G distribution is given by,

G(x) = 1
σ

exp
[
−
(

1 + ξ
x− µ
σ

)]− 1
ξ (

1 + ξ
x− µ
σ

)−1− 1
ξ

(G.1)

defined on the set
{
x : 1 + ξ(x− µ)/σ > 0

}
, where µ, σ and ξ 6= 0 are the location,

scale and shape parameters, respectively. Table G.2 shows the maximum likelihood

estimates (MLEs) of the parameters of the fitted G distributions. The calculated

p-value shows that the G distribution well describes the statistical behavior of the

data in both cases.

G.4.1 G-GLR detector design

In order to detect the degradation of the ballast layer, a generalized likelihood

ratio test (GLRT) algorithm is employed using the G distribution. The following

hypothesis testing is set up for monitoring changes in the ballast layer over time

H0 : θ = θ0

H1 : θ 6= θ0
(G.2)
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Figure G.5: Histogram of the estimated first track resonances before and after the

tamping event .

where θ0 = [µ0, σ0, ξ0]T is the vector of parameters of the G distribution fitted to

the data corresponding to the one-month period after the tamping event (ωn1AT ),

and θ̂ is the current estimate of the parameter vector based on the distribution fitted

to the data collected during monthly intervals. The G-GLR detector rejects the H0

condition if

LG(ωn,1) = G(ωn,1; θ̂,H1)
G(ωn,1;θ0,H0) > γ (G.3)

where γ is the threshold calculated to obtain a desired probability of false alarms.
The distribution of N independent and identically distributed (iid) samples of the
estimated first track resonance frequencies (ωn,1) is a realization of a G random
process. By taking the natural logarithm of both sides of Eq. (G.3) the test statistic
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Figure G.6: Probability plot of the estimated first track resonances before and after

the tamping event

for the G-GLR can be obtained as follow

g = N ln
(
σ0

σ̂

)
−
(

1 + 1
ξ̂

) N∑
i=1

ln

[
1 + ξ̂1

(
ωn1,i − µ̂1

σ̂1

)]

+
(

1 + 1
ξ0

) N∑
i=1

ln

[
1 + ξ0

(
ωn1,i − µ0

σ0

)]

−
N∑
i=1

[
1 + ξ̂

(
ωn1,i − µ̂

σ̂

)]− 1
ξ̂

+
N∑
i=1

[
1 + ξ0

(
ωn1,i − µ0

σ0

)]− 1
ξ0

, (G.4)

where µ̂, σ̂, and ξ̂ are MLEs of the parameters of G distribution.

Choosing a proper detection window size for calculating the test statistics is a

trade-off between the accuracy and resolution of the degradation index. In order to

provide monthly resolution with sufficient accuracy clearly indicating the temporal

degradation trend, a sliding 3-month window and a 2-month overlap are considered

to calculate the test statistic at the end of each month for the period September 2017

– September 2018. It is worth noting that due to the maintenance of the track-side
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Figure G.7: G-GLR for A2 location at the crossing

measurement system data are missing in the period January 2017 – September 2017.

Figures G.7 to G.9 show the results (i.e., test statistics) of the G-GLR change detection

analysis for locations A2, A7 and A11 at Tommerup station. The detector is capable

of monitoring the gradual deterioration process in the ballast layer. Noteworthy

that since the scale parameter σ varies from one month to the other, the data batch

size used by the GLR algorithm has a significant influence on the test statistics

given in Eq. (G.4). For a given location along the turnout, the number of estimated

frequencies may be different for each monthly period. Moreover, for a given period

the number of frequency estimations for different locations is not the same. These

are due to the fact that the number of estimations depends on the number of train

passage in each monthly period, the number of recorded good-quality signals, and

the number of wheel loads properly exciting the substructure. To compare the test

statistics calculated for different locations along the turnout, the same number of

estimated frequencies are chosen for all locations in each monthly period.
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Figure G.8: G-GLR for A7 location at the crossing

G.5 Operational ballast quality indicator

In order for the G-GLR test statistics g to be an interpretable indicator to support

the maintenance decision making process, it is paramount to relate its output to a

fixed measure of quality of the ballast. For this purpose it is sought to identify a

relationship between the values of g with these of σH . To achieve this, the measured

data from the track recording car is exploited and for each location along the turnout

variation of σH (∆σH) with respect to its value measured right after the tamping

event σH,AT is obtained as,

∆σH(m) = σH(m)− σH,AT , m = 1, . . . , 8 (G.5)

where m denotes measurement campaign. Values of ∆σH , obtained from Eq. (G.5)

at the end of each measurement campaign, and G-GLR test statistics are then

considered as data points in Fig. G.10, shown in different colors for locations A2,

A7 and A11. Note that g is normalized with respect to its maximum value before

the tamping event (ḡ = g/max(g,BT )) to provide a similar range of variations on

both axes. Two regression models (linear and quadratic) are fitted to the data points

and the resulting coefficient of determination, R2, are 0.8 and 0.96, respectively.
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Figure G.9: G-GLR for A11 location at the crossing.

Therefore, the quadratic regression model

∆̂σH = α2ḡ
2 + α1ḡ + α0, (G.6)

is selected to describe the mapping between the test statistics g and ∆σH , where

α2 = 0.36± 0.15, α1 = 0.07± 0.02 and α0 = 0.12± 0.026. By performing a statistical

analysis it was found the data point marked by a green circle in Fig. G.10 is an

outlier from the statistical point of view. However, this data point cannot be removed

or replaced with another value since it represents the significant improvement of

the ballast status at location A7 after the tamping event. Therefore, to ensure that

the model correctly predicts both gradual and abrupt changes in the ballast quality,

the quadratic model is selected. Figure G.11 illustrates the estimated ∆σH obtained

from the quadratic regression model. Comparing the estimated values with those

computed by Eq. (G.5) it can be seen that, despite the large uncertainty in the

model parameters, ∆̂σH obtained from the model is capable of predicting the ∆σH
obtained from track geometry measurements at different locations along the turnout

(A2, A7 and A11) with an overall good accuracy. Hence, by knowing the value of σH
right after a tamping event (σH,0), the regression model and the value of the test

statistics g can be used to estimate the standard deviation of the longitudinal level
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Figure G.10: Linear and quadratic fit to model ∆σH with respect to ḡ. Legend: A2 –

blue dots; A7 – orange dots; A11 – yellow dots.

σ̂H at any given point in time in between track geometry measurement campaigns

σ̂H(k) = σH,0 + ∆̂σH(g(k)), (G.7)

where k is the time index at which the test statistics g is computed. This provide

an operational indicator of ballast quality since σ̂H can be assessed against the

track quality classes defined in the European standard; therefore its value can be

utilized to schedule ballast tamping actions. Figure G.12 shows the estimated values

of σH obtained for locations A2, A7 and A11. The gray box shows the period in

which the data is missing due to the maintenance of the measurement system. As

indicated in this figure, the quality of ballast can be determined over time by using

the values of σ̂H and considering the standard classification provided in Table G.1.

This information may be employed by the track infrastructure manager to plan the

ballast maintenance activities.
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Figure G.11: Comparison between the computed and estimated ∆σH : (top) location

A2, (middle) location A7, (bottom) location A11.

G.6 Concluding remarks

The integration of intelligent monitoring systems into the legacy systems used

by railway infrastructure managers requires the ability of the former to output

interpretable and actionable information that can be exploited for maintenance

decision making. The paper addressed the process of making operational the ballast

degradation monitoring system proposed in [70] by converting its output into an

estimate of σH , which is the parameter already used by infrastructure managers

to evaluate the longitudinal track quality and call for ballast tamping. Exploiting

track geometry data as well as track vibration data for a single turnout over a pe-

riod of two years, a quadratic regression model was proposed to map the output

of a statistical change detection algorithm based on the GEV distribution into the

variation of longitudinal track geometry. The test statistics for ballast monitoring

was shown to remarkably identify different degradation trends at distinct locations

along the turnout; however its numerical output provided only a relative measure of

ballast quality in comparison to how the ballast was at the time of last tamping. By

combining the test statistics with the regression model the resulting ballast monitor-
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Figure G.12: Estimated σH for locations A2, A7 and A11 and different zones defined

based on the European standard. The gray box shows the period of data missing.

ing system relates changes in ballast quality (stiffness) as seen from variations in

the first track resonance frequency to changes in longitudinal track geometry. The

obtained estimate σ̂H was shown to well match the value of σH directly computed

from the longitudinal track level measured during eight consecutive track geometry

campaigns. Moreover, since the test statistics can be computed with an arbitrary

time resolution then the ballast monitoring system can predict changes in track

longitudinal level in between geometry measurement campaigns. The proposed

system for monitoring of ballast degradation in turnouts potentially outperforms

methods currently employed in the industry since it achieves both higher spatial and

time resolution of the delivered information while categorizing its output according

to the European standards adopted by the infrastructure managers. However, its

application entails (i) the introduction of additional measurement systems to acquire

vibration data at few selected locations along the turnout; (ii) the verification that

the identified quadratic regression model is descriptive of other turnouts subject

to different environmental and operational conditions; (iii) the further assessment

that the computation of σH over track sections of 10 m has sufficient accuracy in

describing the local track quality.
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