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1. Executive Summary
Comprehensive condition monitoring is fundamental to taking the step from preventive to
condition based and predictive maintenance schemes. Today, the lack of sufficient data in terms
of quality and quantity prevents this change. An on-board waggon monitoring system (WMS)
offers the potential to overcome these limitations.
In this deliverable, technologies for a WMS are analysed. This report starts with a detailed
overview on condition monitoring for condition based maintenance (CBM) in chapter 5. A
literature review is provided that includes information about CBM workflows, data processing
techniques and information flows. The importance of feature extraction techniques is
emphasised and different techniques are introduced. Model-based and data driven fault
detection and diagnosis approaches are compared with the result that usually more than one
approach is required. Finally, different health monitoring systems and data analysis approaches
applied in the railway industry are reviewed.
Following this introduction, three different use cases are analysed. The first is on wheel profile
condition monitoring. The railway wheel condition is essential in terms of reliability, availability
and safety of trains. 128 Multi-Body-Dynamics (MBD) simulations have been performed to
understand the physical effect of worn wheel-profiles to the running behaviour. The effects,
contribution and sensitivity of different vehicle and track components are studied, too. The aim
is to find out under which conditions which sensors are required for proper wheel status
estimation.
The second use case describes the detection of wheelset failures. Wheelsets are the most safetycritical system of the rolling stock and defects can lead to catastrophic consequences. Here, CBM
approaches are considered not only to reduce life-cycle costs but also to increase safety.
Different detection systems currently in use are analysed and related to failures and defects in
wheelsets. An overview of potential systems in development is given, too.
The third use case addresses on-board noise and vibration monitoring. Since rolling noise is
considered dominant source of noise for freight waggons the main focus in this report lies on this
kind of noise. Different sensor setups are investigated including different on-board microphones
and axle-box accelerometers (ABAs). It is shown that ABA data are better suited to detect impact
noise related to track irregularities than on-board microphones. Furthermore, it can be shown
that source-separation algorithms can be successfully applied to ABA data revealing different
types of noise related to the wheel-rail interaction, namely rolling noise, impact noise and squeal
noise.
Other potential monitoring tasks of the WMS are described in chapter 9. Wheelset traceability
and mileage counting are identified as critical tasks to monitor the performance of the wheelset.
Radio-frequency identification (RFID) tags are proposed for the traceability of wheels, wheelsets
and axles. Furthermore, it is suggested to use RFID technology to monitor the mileage of a
wheelset and prototype tests showed positive results. Finally automatic coupler monitoring is
investigated and different monitoring targets at the couplers are proposed.
The final section describes the role of the WMS in a wireless sensor network (WSN) as an integral
part of the wireless backbone infrastructure.
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2. Abbreviations and acronyms
Abbreviation / Acronyms
ABA
AMMF
ANFIS
ARIMA
ARMA
BN
CBM
CNN
DBN
DT
EA
EKBF
EKF
EMD
FL
FSWT
GMM
GNB
GP
HMM
ISHM
KF
kNN
LR
LSTM
MBD
MLP
MNB
NN
NUSCV
ObisS
PF
PHM
QDA
RBPF
RFID
RMS
RNN
SPWVT
STFT
SVC
SVM
G A H2020 – 730617

Description
Axle-Box Accelerometer
Adaptive Multiscale Morphological Filter
Adaptive Neuro Fuzzy Inference System
Autoregressive Integrated Moving Average
Autoregressive Moving Average
Bayesian Networks
Condition Based Maintenance
Convolution Neural Network
Dynamic Bayesian Networks
Decision Trees
Envelope Analysis
Extended Kalman-Bucy Filter
Extended Kalman Filter
Empirical Mode Decomposition
Fuzzy Logic
Frequency Slice Wavelet Transform
Gaussian Mixture Models
Gaussian Naive Bayes
Gaussian Process
Hidden Markov Models
Integrated Systems Health Management
Kalman Filter
k-Nearest Neighbours
Logistic Regression
Long Short-Term Memory
Multi-Body-Dynamics
Multi-Layer Perceptron
Multinomial Naive Bayes
Neural Networks
Nu-Support Vector Classification
On-board in-service Systems
Particle Filters (PF)
Predictive Health Maintenance
Quadratic Discriminant Analysis
Rao–Blackwellized Particle Filter
Radio-Frequency IDentification
Rout Mean Square
Recurrent NN
Pseudo Wigner-Ville Transform
Short Time Fourier Transform
C-Support Vector Classification
Supported Vector Machines
WP3-DEL-005
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UKF
WMS
wOBU
WRLS
WSN
WT
WVT

Unscented Kalman Filter
Wagon Monitoring System
wagon On-Board Unit
Weighted Recursive Least Squares
Wireless Sensor Network
Wavelet Transform
Wigner-Ville Transform

3. Background
The presented document constitutes the Deliverable D 3.5 Technologies for wagon monitoring
systems in the framework of WP 3 Telematics & electrification. The initial name of this
deliverable was Technologies for wheel to rail contact monitoring. The new name allows
including all the topics to be dealt with within Task T 3.3- Wagon Monitoring System, such as
Noise and Vibration monitoring and Interfaces together with vehicle track interaction. The
Wagon Monitoring Systems (WMSs) analysed in this deliverable will be part of a waggon onboard unit (wOBU) that will also provide train positioning as described in D 3.4 Algorithms for
positioning rail freight trains. The WMS will make use of the train’s wireless backbone
infrastructure that is specified in D 3.2 Detailed Specification of train’s wireless backbone
infrastructure. Together with wayside- measurements the on-board condition monitoring will
provide the data necessary for condition based and predictive maintenance and is therefore
closely related to WP2-Condition based and Predictive Maintenance. The impact of way-side
condition monitoring is also discussed within WP 3 in deliverable D 3.6 Wayside condition
monitoring impact analysis.
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4. Objective/Aim
The aim of this document is to describe, analyse and compare different existing, novel and
possible future sensor systems and algorithms for on-board waggon monitoring. The focus of this
work package is the choice of suitable sensors systems based on existing systems and
prototypes. The development of a WMS for on-board condition monitoring shall be realized by
low cost data fusion and hardware for compact sensor integration. The on-board data can be
used in a later stage for the updates in the maintenance scheduling based not only on periodic
inspection but also on real time information. Then proper actions can be taken to eliminate or
mitigate the malfunction. This change from periodic preventive maintenance towards condition
based and predictive maintenance is considered a major step to improve cost-efficiency, safety
and reliability of European rail freight transport.
The work presented here is based on dynamic simulations and on-track measurements with the
goal to find out how the vehicles should be instrumented and how the measured signals can be
analysed. Existing algorithms will be evaluated and new algorithms for condition monitoring
have been developed and are introduced in this report.
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5. Introduction to condition monitoring
On board condition-monitoring for condition-based maintenance (CBM) increases reliability “up
time” and safety, minimizes ownership and maintenance costs and optimizes supply chains. Due
to rapid increase in engineering system complexity, especially of transportation vehicles, a
complete and integrated system for vehicle fault detection, diagnostics, failure prognostics,
maintenance planning, operation decision support and decision making is needed and became a
huge challenge [1].
The main goal of CBM is to support maintenance practitioners to make right and fast decisions,
analysing the system performance based on time series data acquired from different sensors
depending on component functionality [2]. The workflow of a CBM system is shown in Figure 1.

Figure 1: Health maintenance steps [2].
A review of the existing approaches in Integrated Systems Health Management (ISHM), the most
challenging aspects of health monitoring and how the research community is trying to resolve
them are addressed in [1]. A collection of common techniques used in CBM and the related
international standards are presented in [3].
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Figure 2: Data Processing and information flows [1].
Data manipulation is a fundamental part of CBM (Figure 2). Actions such as scaling, smoothing,
filtering, outlier removal, missing data manipulation are performed at this stage. Another
fundamental step for a robust state detection is feature extraction, in which indicators of the
component condition are extracted from the already pre-processed data. The extracted features
will support the fault diagnosis and the decision management (Figure 3).

Figure 3: Health monitoring information flow [1].
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Feature extraction techniques can be categorized into: time domain based (RMS value, kurtosis,
peak factor, shape factor, impulse factor, etc.), frequency domain based (Fourier transform (FT),
envelope analysis (EA), Cepstrum analysis, etc.), time-frequency domain based and statistical
features (FT, Hilbert-Huang transform, Wigner-Ville distribution (WVD), Spectral kurtosis, etc.).
Depending on the stationarity of the signals, the use of wavelets could be useful as a time series
pre-processing method.
CBM approaches can be classified into four types: reliability based, physics-based, data-driven
and hybrid. The complexity, cost and accuracy of prognostics techniques is inversely proportional
to its applicability [1].
An overview of different fault detection and diagnosis approaches for health monitoring and a
comparison between model-based and data-driven approaches with the advantages and
disadvantages of each one is shown in [4].
The observer-based methods are particular model-based techniques, which are effective in
detecting system component failure but present difficulties when applied to systems which are
subjected to unknown disturbances and model uncertainties [5]. Using a Kalman filter (KF) is one
of the most popular methods to model linear systems with additive Gaussian noise for
estimation and prediction purposes [6, 7]. Extended Kalman filter (EKF), Unscented Kalman filter
(UKF) and Particle Filters (PF) offers accurate estimation results for nonlinear stochastic systems.
Highly accurate fault detection is possible when the system monitoring data for nominal and
degraded conditions are available. More than one approach is usually required for developing a
complete robust fault detection and diagnosis tool.
Data-driven approaches attempt to build degradation models using condition monitoring data
collected via installed sensors to predict future health state instead of building physical models.
They can detect faulty situations faster, are easier to implement and require less a priori
knowledge. They are suitable for complex and large-scale systems where the developing and
validation of a physical model becomes more difficult. Unsupervised learning may be better to
build up the reference model identifying normal and abnormal situations, and supervised
learning and reinforcement learning could be applied to make CBM algorithms more accurate
[3].
Among the data-driven models used in CBM and prediction tools for continue assessment are:
Fuzzy Logic (FL), Decision Trees (DT), Logistic Regression (LR), Hidden Markov Models (HMM),
Supported Vector Machines (SVM), k-Nearest Neighbors (kNN), Neural Networks (NN), Recurrent
NN (RNN), Convolution NN (CNN), Long Short-Term Memory (LSTM), Bayesian Networks (BN),
Dynamic Bayesian Networks (DBN), Gaussian Mixture Models (GMM), Adaptive Neuro Fuzzy
Inference System (ANFIS), etc. The success of these methods depends on the quality of the
operational data and the understanding of the problem, which can be given by an expert or by a
model-based approach.
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Hybrid approaches relax the need of an accurate model and to use convenient statistics is
simplifying the monitoring task. A scheme of a hybrid approach is shown in Figure 4.

Figure 4: Hybrid prognostics approach for bogie monitoring [2].
Health monitoring systems with low-cost sensor networks and smart algorithms are always
needed in both passenger trains and heavy haul trains due to the increasing need for reliability
and safety in the railway industry [8].
Vehicle components have been monitored from wayside for a long period, generating big
amounts of data that has been used from different approaches to determine the bogie
components status and track condition. Reducing the uncertainty of the track and train
component status estimation is vital for a robust and reliable prediction. In order to characterize
the load spectrum due to track irregularities for a wheel degradation model, the wavelet
transform (WT) technique has been extensively used [9].
Train critical components (gearbox, suspension system, wheels, axles and bearings) have been
studied using common techniques applied in other industrial structures like wind turbines and
nuclear plants. A review of health monitoring technologies of trains is presented in [10], where
wayside detection methods and advanced integrated sensor methods operating principles and
functions are analysed.
An overview of bogie performance standards from a regulatory perspective and existing
technologies that are currently in use in railroad revenue service is provided in [11, 12]. Vehicle
dynamics has been monitored using reliable-based [13, 14], model-based [15–17], data-driven
[18, 19] and hybrid [20] approaches.
An effective predictive maintenance strategy using an unsupervised data-driven approach
applied to automated people mover gearbox is reported in [21]. Fault detection is performed in
real-time using vibration data collected from mounted accelerometers, and with time-domain
indicators the baseline condition is established. As prior failure information is unavailable, a
hierarchical Bayesian approach with expectation maximization algorithm is used to set and
update degradation model parameters. A Gaussian mixture models reinforced with information
criteria decomposes the system’s behaviour into its unique operating states to allow state-based
G A H2020 – 730617
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monitoring. Akaike and Bayesian information criteria are used to assess the goodness of fit for
the GMMs.
After this brief introduction on condition monitoring and CBM, the remainder of this report is
organised as follows. In the next section three different use cases are investigated. First, wheel
profile condition monitoring is discussed. Second, wheelset diagnostics and detection systems
are analysed. Third, noise and vibration monitoring is studied. Finally, additional monitoring
tasks, such as wheelset traceability and mileage as well as automatic coupler monitoring are
explored.
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6. Wheel profile condition monitoring
Railway wheel condition is essential in terms of reliability, availability and safety of trains. Wheel
defects can influence vehicle dynamics and classification can be challenging when several defects
are present at the same time. The state-of-the-art methods applied on wheel monitoring using
in-service and wayside measurements are discussed in [22].
An on-board approach to monitor the wheel wear state (e.g. new/medium/severe wear
conditions) studding the vehicle dynamics with inertial sensors is proposed to elongate the
inspection intervals [23].
A design of experiments with 128 MBD simulations has been performed to understand the
physical effect of worn wheel-profiles to the running behaviour and to study the
effects/contribution/sensitivity of different vehicle/track components and operating conditions.
This study tries to find under which conditions and which sensors are required for proper wheel
status estimation.

6.1. State of the art
Wheel defects like profile wear, rolling contact fatigue, wheel flats and wheel corrugation can
cause track and vehicle component damage [24]. Early fault detection of these potential failures
can increase service life and considerable reduce railway managers and operator’s costs. A
sensor setup on the axle box for wheel defect detection and bearing monitoring using
accelerometers and acoustic emission sensors is shown in Figure 5.

Figure 5: Axle box sensors for on-board wheel and axle bearing defect detection [25].
An investigation of technical capabilities for on-board monitoring of wheel ﬂats on freight trains
with wireless energy autonomous sensor networks is described in [26]. A summary of the
measurement methods is also presented based on: acoustic detection, wheel flange position,
electrical continuity, optical detection, laser-based technology, piezoelectric elements and
acceleration measurements.
As is well known the life cycle of sensors mounted in axle box and other positions below the
suspension level is limited due to the shock impacts from wheel-rail interaction. For this reason,
inertial sensors, which are the most commonly used in on-board health monitoring systems for
G A H2020 – 730617
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railway vehicles are being located upper in the vehicle (bogie and/or carbody) making the failure
monitoring a more challenging task.
Wheel-flat detection using On-board in-service Systems (ObisS) and a model-based approach is
proposed in [27]. SIMPACK simulation results, acceleration from virtual sensors located at
different axles, bogie and carbody were used to distinguish track irregularities and wheel flats.
Due to the suspension damping system, the mean value of the acceleration is reduced by two
orders of magnitude from wheel to bogie and from bogie to carbody, making wheel flat difficult
to detect in the carbody sensor.
The wheel-rail contact has a high influence on several aspects of vehicle dynamics (stability,
steering behaviour in curves, comfort, etc.) on the one hand but it is also causing high
maintenance costs on the other hand due to wear and rolling contact fatigue (RCF) phenomena
occurring on both, wheels and rails. All aspects mentioned above are highly influenced by the
shape of the wheel profile in combination with the shape of the rail profile, gauge, track
irregularities, curve radius, vehicle properties, speed, wheel-rail friction, etc. Hence, the
monitoring of the wheel profile shape during operation is of high interest to have good control
over the aspects mentioned above.
Composite brake blocks ("K-Sohlen") in freight wagons cause high wheel wear (hollow worn
wheels) and therefore short inspection intervals due to increased risk for instability. Wheel wear
has a big impact on economical and safety aspects of trainset design, operation and
maintenance. If it is not detected on time it could cause significant damage to the rail and even
cause derailment due to its influence on lateral vehicle dynamics.
A method to monitor the running stability in a high-speed railway bogie and detect different
faults in the critical components to vehicle stability, particularly wheel wear and degradation of
yaw dampers is investigated in [20]. Prony method is used to identify the characteristic
exponents of the system combined with random decrement technique to approximate the autocorrelation of the acceleration signals. The residual stability margin and the hunting mode
frequency are used by the classification algorithms to estimate the condition of the yaw dampers
and of wheel-rail conicity. Three different wheel profiles and four different yaw damper
conditions are considered in the classification.
When rail profile is worn, it is more difficult to detect the worn profile in the wheel, in this
situation it will be helpful to count with on-board microphone measurements to combine the
information and distinguish between different faults [28]. Rail worn profile can be detected
analysing the noise emitted from contact between the wheel and the rail, using two
microphones located into the inner and outer wheel-rail contact. To obtain a correct estimate of
the conicity, the exact knowledge of the statistics of the random track inputs is required [29].
In [18] a data-driven model using on-board inertial sensors on freight rail, mutual information
and minimal-redundancy-maximal-relevance algorithms for feature selection, SVM for multiclass classification with one-vs-all approach is used to detect three different levels of wheel
wear. Tests at different speeds were performed for each wheel wear level.
A recursive ‘grey box’ least squares system identiﬁcation, used in a piecewise linear manner to
capture the strongly discontinuous nonlinear nature of the wheel-rail geometry, is presented in
[30].
A literature classification of the approaches for wheel wear detection with sensors located on inservice vehicles is shown in Table 1.
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Table 1: Approaches to detect and estimate wheel wear from on-board monitoring (MB:
model-based; DD: data-driven; Acc: Accelerometer; Gyro Gyroscope)
Ref.
[19,21]
[11]
[6,14,18,27]

MB

[25]

x

DD
x
x

Methods
SVM
kNN
KF, EKBF, PF, RBPF

Gyro
x
x
x

Acc
x
x
x

x

WRLS

x

x

x

Location
Suspension, carbody
Axle-box, bogie, carbody
bogie,
carbody
Axle-box

6.2. Sensor specifications and requirements
Due to the rough environmental conditions on railway vehicles the equipment and sensors must
be rugged and deliver good signal quality despite the challenging operating conditions. Further a
guaranteed and continuous data acquisition is essential and especially on freight wagons where
power consumption is an issue since they are in general not powered. Therefore, the system
must be equipped with an independent power supply.
In order to save time for data pre-processing necessary for further evaluation e.g. for wheel
defect detection it is also of great importance to achieve a data and signal quality that does not
require further time-consuming data conditioning measures.
Once the data is collected by the sensors it must be transferred and stored. These tasks as well
as the power supply of the sensors are handled by the WaggonTracker ADV systemthat supplies
the sensors and transfers and stores the data on a server for further evaluation.
The following pictures show the sensors that were used for this specific measurement setup.
Figure 6 gives an overview of the sensors and their mounting positions.

Figure 6: Positions of sensors for data acquisition.
Figure 7 shows the sensor used for vibration monitoring. The sensor consists of a “MEMS”
element that is hermetically sealed in a steel casing which ensures protections from
environmental conditions. It can be used in zero to medium frequency instrumentation
applications that require extremely low noise. Due to its internal temperature sensor, it is
relatively insensitive to temperature changes.
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Figure 7: Tri-axial accelerometer used for vibration monitoring.
In Figure 8 the sensor as it is mounted to the wagon can be seen. It records accelerations on the
car-body in vertical (z) and lateral (y) and longitudinal (x) direction.

Figure 8: Mounted tri-axial accelerometer with protecting casing.
The gyro used for the measurement setup is shown in Figure 9. It combines high precision with
instant start-up and lowest power consumption with a robust design. The gyro records the track
layout and thereby allows to allocate the measured data and to determine whether the
acceleration data was recorded on straight track or in curves.

Figure 9: Gyro used for acquiring track curvature.
G A H2020 – 730617
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The WaggonTracker ADV is a self-sufficient durable position tracking and mileage capture system
for freight cars, which includes an additional module that can monitor up to ten external sensors
via digital and analogue input ports as well as a separate RS 485 / CAN-BUS interface for
integration with other systems. With WaggonTracker ADV, waggon performance metrics can be
readily attained, such as:










Load condition
Braking condition (e.g. hand brake on/off, or blockage)
Running behaviour
Temperature of axle box
Door status (open or closed)
Indoor humidity and temperature readings for covered wagons
Location and value of high acceleration (i.e. impact detection)
Alarm message
etc.

WaggonTracker's integrated generator offers a durable and reliable energy source for waggons.
A rechargeable buffer battery ensures the operation of the system at standstill and low speed.
The battery is charged by the generator at vehicle speeds above 20 km/h.

Figure 10: Integrated generator (left) and control system (right) of WaggonTracker ADV.
The diagrams in Figure 11 show recorded sensor data for the accelerometers and the gyro on the
car-body as well as the speed of the vehicle.
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Figure 11: Example of recorded sensor data.
The vehicles that were equipped with the measurement systems are freight wagons of the type
Sgns. In total 16 vehicles were equipped with sensors and DAQ-systems and the data will be
recorded for a period of four years to determine the change in sensor signals and data
corresponding to wear of the components.
The information available in the use cases for wheel wear detection will be:
 Measured (historical) sensor data
o Accelerations (if available also from axle boxes)
o Angular velocity
o Vehicle speed


Measured (historical) wheel profiles



Additional data (if available)
o Measured rail profiles
o Measured track irregularities
o Track layout (curvature)

In [18] the instrumentation setup included accelerometers with various dynamic ranges from ± 5
G to ± 200 G and gyroscopic sensors with rates of 250 °/sec, read at a sampling frequency rate of
1000 Hz.
G A H2020 – 730617
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6.3. Simulation results
A freight wagon model in Simpack has been used with two types of wheel profiles; a new one
and a worn wheel profile with hollow worn characteristic (Figure 12). Influencing track and
operation conditions have been varied (e.g. track layout, measured track irregularities, nominal
gauge, rail profiles, friction conditions, vehicle speed and loading condition).

Figure 12: New and worn wheel profiles considered in MBD simulations.
Measured track irregularities have been considered by randomly selecting a certain section out
of these data. The simulations have been carried out in a 700 m curve but also a certain variation
has been considered.
The virtual sensors used in the simulations are 1 gyroscope and 2 three component
accelerometers located one in each bogie centre, 2 three component virtual accelerometers, one
located in the first wheelset axle box and another in the second wheelset axle box were used to
validate model predictions.
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Figure 13 shows exemplary results for the relative displacement between the wheel and the rail
for the new and the worn profile (leading wheelset, high rail contact). It can be clearly seen that
the relative displacement of the new wheel profile is much more concentrated (at around -2
mm) compared to the worn profile. The reason therefore is that the new wheel profile shows a
distinct two-point contact at this relative displacement where the wheel is partially captured all
the time when running along the track (with no possibility to move laterally). Hence, the
wheelset must follow the lateral track irregularity; no additional “filtering” due to the wheel-rail
contact play can take place. This is confirmed by the results depicted in Figure 14 where the
distribution of the lateral acceleration of the axle box (wheelset) is plotted for the same scenario.
In the case of the new wheel profile the distribution is considerably wider compared to the worn
profile which allows a bit more lateral movement of the wheelset relative to the disturbed track.

Number of observations [-]

Figure 13: Distribution of relative displacement between wheel and rail for new and worn
profile.

lateral acceleration of wheelset [m/s2]

Figure 14: Distribution of lateral acceleration on wheelset axle box for new and worn wheel
profile, leading axle, high rail.
Figure 15 shows the according distributions of the Wear Number values again for both wheel
profiles. As expected, a significant difference can be observed. The worn profile has a smooth
distribution at around 12 Nm/m. The new one shows two peaks with the higher one at around
21 Nm/m.
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Number of observations [-]

Wear Number [Nm/m]

Figure 15: Distribution of wear number for new and worn wheel profile, leading axle, high rail,
main contact.
This behaviour, of different profiles creating different dynamic effects, has been used to monitor
the wheel profile condition in vehicle service based on measured acceleration data with different
data-driven models. Supervised learning is used to estimate the wheel-profile condition based on
running behaviour monitored with a limited number of sensors on the wagon and bogie.
In the acceleration frequency spectrums of the 92 seconds simulations for a new and worn
profile in a curve and a straight track shown in Figure 16, can be observed the high influence of
the operating parameters. The information in different spectrum bands has been used to find
the proper feature combination to separate between new and worn profile.

Figure 16: Straight and curved track lateral acceleration frequency spectrums.
Considering all the simulation results makes it more difficult to separate new from worn profile
cases (Figure 17). For this reason, the experiments have been filtered into those with curved
section (Figure 18), curvature can be easily estimated with a gyroscope sensor knowing the train
speed.
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Figure 17: Scatter plot with lateral (ayIFFT) and vertical (azIFFT) acceleration spectrum area of
leading axle as features.

Figure 18: Scatter plot under the assumption of known curvature.
The second assumption taken to filter the experiment was to consider that the loading is known.
The last hypothesis used, was to consider that the track quality can be estimated. In Figure 19 is
shown how a new wheel profile shows a distinctive 2-point contact, which leads to a 'geometric
constraint' enforcing the wheelset to follow directly the rail (track irregularities in lateral
direction). As it was mentioned before, this results in higher lateral wheelset accelerations for
'new wheel profiles'.
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Figure 19: Scatter plot under the assumption of known: curvature, loading and track quality.
In the case of worn profiles, the 2-point contact conditions get reduced giving the wheelset the
flexibility to move laterally with respect to the rail which implies lower lateral accelerations
(Figure 20 and Figure 21).

Figure 20: Point contact location distribution.
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Figure 21: Axle box acceleration distributions.

Figure 22: Point contact location distribution.
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Figure 23: Axle box acceleration distributions.
In Figure 22 and Figure 23 is shown the influence of worn rail profile in which the contact
conditions are almost identical due to the behaviour of two “cones”.
Different combination of training and testing data (between 10% and 30% for testing) has been
studied. Standardization, normalization and/or other scalers have been used depending on the
machine learning algorithms tested (MPL, DT, QDA, GP, GNB, MNB, LR, KNN, NUSCV, SVC Linear
and SVC radial basis function).
Expert feature generation has been combined with different feature selection models (filters (K
Best, variance threshold, etc.), wrappers (Recursive Feature Elimination (RFE), Genetic
Algorithms (GA)) and embedded methods (Tree-based, sequential selection, relief, SURF, etc.)).
Different dimensionality reduction techniques where compared (Principal Component Analysis
(PCA), Independent Component Analysis (ICA), Latent Dirichlet Allocation (LDA), Factor Analysis
(FA), Partial Least Squares (PLS), etc.) see Figure 24.
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Figure 24: Comparison between feature dimensionality reduction methods.
The regularization techniques and the visualization of the reduced models have helped to
identify and prevent model overfitting. Grid and randomized search with cross validation has
been used to tune the hyper-parameters of the models to optimize prediction accuracy.
In Figure 25 can be seen how the respective followed hypothesis have been increasing the
accuracy of the model.

Figure 25: Supported vector machine worn profile prediction accuracy.
The simulation results were split into smaller sections to study the influence of track length on
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the classification accuracy. A trade-off between section size and samples available for training
and testing was found, increasing the accuracy of the models, see Figure 26.

Figure 26: Non-linear supported vector machine worn profile prediction accuracy.
Data-driven models have confirmed the hypothesis; the accuracy achieved by some of the used
algorithms under certain operation conditions, with curved track and unloaded wagon is over
90 % accuracy, and it can reach 95 % with small track excitation.
The good results are achieved under certain conditions (in curves with a certain radius) are due
to the distribution of the relative displacement between wheel and rail is quite different for
worn and new wheel profiles. If the wheel is worn, the distribution of the relative displacement
is wider while if the wheel is new, the relative displacement is more concentrated, because a
distinct two-point contact occurs. This distinct two-point contact constrains the wheel forcing it
to follow the track irregularities directly much more than when looking on a worn wheel, where
a kind of “filtering” in lateral direction takes place, because of the not existing two-point contact
(no constraint).
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7. Wheelset service failure modes and detection systems
Wheelsets are the most critical part of rolling stock from a safety point of view. In a freight
wagon, the tasks of supporting, guiding and breaking the whole wagon are centralized at the
wheelset components: wheel, axle and axlebox. Defects at wheelset components often originate
malfunction of the whole train and, if not detected soon enough, they can lead to catastrophic
consequences.
Due to their specific characteristics, onboard detection of failures has traditionally been a
difficult challenge for wheelset components. Still today, freight and passenger wheelset
maintenance operations are undertaken at fixed intervals, as it is described at VPI specification,
of which module 04studies wheelset maintenance in freight wagon wheelsets.
The need for both reducing LCC costs and increasing safety has led a process for trying to shift
the current preventive maintenance activities towards a predictive maintenance concept,
according to which maintenance activities are only undertaken when needed. This is also known
as Condition Based Maintenance (CBM).
In following, current detection systems will be described, covering both very traditional means of
inspection as well as proven innovative systems with a CBM approach. Also, an overview on
potential systems in development will be given.

7.1. Wheelset failure modes and current detection systems
Purpose of this chapter is the analysis of different detection systems currently in use, relating
them to the different failures and defects in wheelsets. The detection systems as well as the
possible defects detected by them will be defined as per DIN EN 15313. The defects that can be
detected or analyzed by each system will be referred as per Annex C of EN 15313.

7.1.1. Visual inspection (VT)
Visual inspection (Figure 27) is always the first operation before maintenance of the defects
defined in Annex C of EN 15313. After Viareggio accident, VT was prescribed as a mandatory first
measure for the inspection of wheelset axles. For this reason, EVIC (European Visual Inspection
Catalogue for axles) was published. VT can effectively recognize all wheel tread defects (except
for sub-surface cracks), as well as paint defects or impacts at wheel web, axle body or axle boxes.
It is also sometimes enough to recognize cracks at the surface of wheels and axles. Yet, for the
unmistakable identification of cracks, Ultrasonic Testing (UT) and Magnetic Particles Testing (MT
NDT) methods are used.
VT is the cheapest and easiest way of recognizing most of defects. The disadvantages are the
higher possibility of human error, as well as the fact that this method is only possible for
preventive maintenance.
One of the aims of CBM techniques is to recognize the same defects than visual inspection. To do
this automatically, the consequences of each single defect have to be analyzed.
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Figure 27: Scheme of recommended position (EN 15313) for VT of railway axles.

7.1.2. Magnetic particles testing (MT)
MT (Figure 28) is used mostly for detecting cracks in wheels (C.2.10, C.2.19, C.2.20, C.2.21,
C.2.22, C.3.1, C.3.2) and axles (C.4.3, C.4.5). Its main advantage is the high precision, and the
main disadvantage, that it is only possible at heavy haul, after dismounting the pieces and taking
off eventual painting.

Figure 28: Device for MT of railway wheels (Helling).

7.1.3. Ultrasound testing (UT)
UT (Figure 29) testing is used as alternative for MT at light overhaul, usually at workshop, even
when some devices allow in-field inspection. Most UT testing devices are conceived for
inspection of axles (C.4.3 and C.4.5), but there are also some for inspection of cracks at wheels,
particularly for the fatigue cracks at wheel web of ordinary wheels (C.2.19, C.2.20, C.2.21). This
inspection mode has the disadvantage (like MT) that it is not suitable for onboard detection: it
must be performed in general at a workshop, and always in standstill. That means in return, that
one of the most dangerous defects in wheelsets, propagating fatigue cracks, is for now not
suitable for CBM -what makes the improvement of CBM at wheelsets so far just a partial success.
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Figure 29: Mobile UT system for railway axle inspection (AREVA).
The new, CBM oriented devices are designed to be able to measure different parameters in
service and make useful maintenance predictions. A first step in this direction is represented by
the so-called wayside devices, which are placed at the track, able to measure different
magnitudes at the train pass-by.

7.1.4. Wayside optical devices
Wayside optical devices are intended to check the wheel tread and profile. Usually they can also
measure the back-to-back distance, which is a relevant magnitude for ensuring wheelset correct
function. The most popular among these devices are:
SCLAR by NEM Solutions
SCLAR (Figure 30) can capture the complete tread profile, as well as identify some wheelsetrelevant dimensions. It is based on laser measurement techniques. In combination with Big-Databased analysis software A.U.R.A. wheel, it is a device able to trigger alarms important for wheel
tread maintenance and reprofiling. The use of RFID technology also allows traceability of the
wheelset (and it components).
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Figure 30: SCLAR by NEM Solutions.
Profile and diameter measuring system by MERMEC (Figure 31)
The system is very similar to the one by NEM, but with extended abilities, like the higher possible
measuring velocity (250 km/h instead of the 100 km/h of SCLAR).

Figure 31: Profile and diameter measuring system by MERMEC.
POSS® wheel profile monitoring by STRUKTON (Figure 32)
This system is a simpler alternative than the two described above, measuring only flange height,
wheelset gauge, and the diameters of the wheels. It is intended to be used in combination with
other POSS devices (see below).
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Figure 32: Figure 32: POSS® wheel profile monitoring.
W-INSPECT by MERMEC (Figure 33)
By means of high definition cameras and a suited illumination system, W-INSPECT acquires the
whole tread of the wheel, and can therefore identify tread defects like flats (C.2.1), shelling
(C.2.3) and spalling (C.2.8) of a wheelset passing by up to a velocity of 30 km/h.

Figure 33: W-INSPECT by MERMEC.

7.1.5. Wayside load measurement devices
Wheel impact load detector by MERMEC
The system is placed at rail level and can measure displacement of the rails in vertical direction.
Thanks to a patented algorithm, load peaks can be analyzed and all possible kind of defects at
the running surface (C.2.1 up to C.2.8) thus identified.

7.1.6. Wayside optical & load measurement devices
POSS© axle load and wheel condition monitoring by STRUKTON (Figure 34)
By means of a special strain gauge placed under the rail, and of a laser sensor beneath it, this
device can measure the typical tread defects (C.2.1 up to C.2.8, including the exact dimensions of
some of them), as well as several other parameters, ranging from actual wagon weight (and
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type) to the acoustic emission of the wheel or the roughness of the tread.

Figure 34: Strain gauge and laser sensor of POSS® condition monitoring system.

7.1.7. Wayside temperature sensors
FÜS-EPOS hot box and hot wheel detector by Progress Rail (Caterpillar, Figure 35)
The widespread infrared-based system by Caterpillar can detect excessive heating at axleboxes,
wheels and brake discs. The real-time measuring allows determining dangerous temperatures for
the correct function of the wagons.

Figure 35: Wayside temperature detector by Caterpillar.

7.1.8. Other wayside systems
Ultrasonic wheel flaw inspector by MERMEC
In addition to the other wheel tread detection systems by MERMEC, this one generates
ultrasonic Rayleigh waves, which are reflected at the wheel tread defects (C.2.1 up to C.2.8),
what helps identifying them.

7.1.9. On-board vibration and temperature measurement systems
The closest step towards a real CBM consists of measuring onboard some parameters in real
time, sending them to a correspondent cloud, and analyzing them by means of Big Data
techniques. Some systems (mainly based on vibration and temperature measurements) are
already able to do this.
Condition monitoring system by Perpetuum
The monitoring system by Perpetuum (Figure 36) has two main advantages that make it the best
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available wheelset CBM system so far. On the one side, the fact that all energy needed by the
sensors to operate properly is generated by means of energy harvesting coming from the
vibration of the bogie. The second one that the huge experience in data analysis allows
Perpetuum to have the most precise algorithms for early identification of all types of defects in
wheel treads and axle boxes. Many different vibration and temperature sensors placed at wheel
axle box and bogie gather continuously a big amount of data. This information is filtered at
source, sent to the data concentrator (where it is filtered again) and then transmitted to the
cloud, where the algorithms can recognize many defects (C.2.1 up to C.2.9, that is, including RCF
as well as possible defects in axle boxes), by interpreting the vibration and temperature input
sent. Afterwards, information is made available for the recipient in a user-friendly way, and
alarms are generated when actions are needed. Position and velocity of train are available, by
using GPS.

Figure 36: Perpetuum condition monitoring system.
INSIGHT RAIL by SKF
INSIGHT RAIL by SKF is similar to the system by Perpetuum, but more limited in performance
(only the state of the bearings can be analyzed). It can deliver real-time information of bearings
temperature and vibration, thus being able to discern if an axle box has problems (and which
kind of). The system is also supported by background analysis software and can also give
information about train velocity and direction. Disadvantageous (particularly for freight wagons)
is the fact that the system has no own energy harvesting, but it is battery-based, with the
problems associated to it.
VARIO SENSE by FAG
It is very similar to the above described system by SKF. Vario Sense can deliver data on velocity,
temperature, and vibration of the axle box, and analyze these data in order to make them useful
for the customer and his decision making.
Derailment detector by Knorr (Fehler! Verweisquelle konnte nicht gefunden werden.)
A particular case of acceleration measurement system is the meanwhile widespread derailment
detector by Knorr. In the case of a derailment, an unusual high acceleration is noticed by a massspring device, and the system automatically triggers the emergency brake, stopping the train. It
can be classified as an extreme example of CBM, where an input instantaneously generates an
action and the train is taken for repair to the workshop.
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Figure 37: Derailment detector by Knorr.

7.1.10. Onboard strain
measurement system

Smart Set by Lucchini (Figure 38)
Lucchini has the only system on market for stress measurement and real-time analysis of
measured data. Load spectrum of axle is regularly measured and updated. Although it is not
directly a CBM system, at least it has the information for detecting dangerous anomalies in axle
load distribution -thus enabling their correction. The system is fully autonomous from the point
of view of energy supply, what enables its application at freight wheelsets.

Figure 38: Smart Set by Lucchini.

7.2. Wheelset potential diagnostic and detection systems
Some of the above described systems could be potentially developed in order to increase their
field of application. In following, some of the ideas for new detection systems based on the
existing ones are given.
1. Wayside high definition cameras
An extended application of a high definition camera system like W-INSPECT by MERMEC
could comprise the additional analysis of wheel web and axle body areas, looking for
painting defects or impact marks. This would result in the detection of almost all typified
defects, with exception of fatigue cracks.
2. Wayside X-ray scanners
Although frequently used at workshop for the inspection of bogie weld seams and the
detection of cracks in axle box housings, X-ray technology has not yet been widely
applied to the detection of cracks in wheels and axles, even when it is technologically
G A H2020 – 730617
WP3-DEL-005
P a g e 36 | 73

possible, and could avoid the problems of removing painting, as necessary in the case of
MT. It may be wondered if X-ray scanners like those in the airports (e.g. HI-SCAN 10080
XCT by Smiths Detection) could be suitable from a technical point of view and made
cheap enough to use them as wayside defect detectors for railway running gear –
fundamentally for those defects like fatigue cracks, which are more difficult to find thus
stopping a fully CBM concept at wheelset components.
3. Integration of wayside optical devices and temperature detectors
Systems like SCLAR, POSS® or the one by MERMEC could maybe also integrate the
temperature detection of wheels, axle boxes and brake discs, thus giving a more
complete description of the state of each wheelset, and so enhancing useful decision
making.
4. Integration of derailment detection in onboard vibration detection systems.
5. Identification of possible cracks in axles by measurement of load spectrum. The question
may be asked, if a suitable combination of strain gauges and stress measurements at the
railway axle could identify the appearance of a relevant crack at axlebody. In any case,
the continuous computation of an axle load spectrum, together with available techniques
of crack propagation calculation, could be combined into an useful tool for predicting the
actually needed UT inspection intervals of each wagon.

7.3. Implementation of current and potential detection systems in
freight
From all above said, several facts regarding the implementation of detection systems for freight
can be mentioned.
Regarding wayside systems, it looks clear that the key competence of these systems is not just
the technical ability for gathering information, but even more their capacity of integrating such
data in suitable algorithms, both for decision making and towards a machine learning approach.
In other words, Big Data systems like NEM’s A.U.R.A. are fundamental, and their improvement
seems essential for setting steps towards a comprehensive CBM.
Onboard systems have the same Big Data analysis requirements, which in this case seem to be
fulfilled only by the system developed by Perpetuum. Besides this company, several railway
operators, as Trafikverket, Trenitalia, SNCF or the Dutch Railways are conducting data science on
the basis of the information gathered by thousands of onboard sensors, in order to optimize
their predictive maintenance activities.
The system by Perpetuum makes evident the other vital requirement for implementation of a
CBM approach in freight wheelsets: energy harvesting. The systems proposed by SKF and FAG
are not (yet, fully) suitable for freight, because they lack an autonomous, reliable source of
energy, which can feed the sensors and the sensor nodes. Besides vibration harvesters like the
one proposed by Perpetuum, it can be thought of other harvesting technologies, like solar (see
devices by DOT telematik or Nexiot), wind (system by PacificSky) or even axlebox generators
(provided by Schäffler and PJM).
The big limitation to be overcome in the way to a full CBM approach at wheelsets is the inservice finding of fatigue cracks in both wheels and axles. Several ideas were proposed above,
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yet the maturity of the efforts made up to now in this direction (see for example the
investigations by García-Prada and his team within the frame of Euraxles) seem to be still at a
very embryonal stage.
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8. Noise and vibration monitoring
Railways are the second most dominant source of environmental noise in Europe after road
traffic. Nearly seven million people are reportedly exposed to levels above 55 dB Lden in 2012 and
estimations suggest that up to nearly 14 million people are exposed, doubling the current
reported data (Figure 39). These figures lead to the fact that noise and vibration are one of the
major reasons for objections to railway developments especially for local residents.
On existing railway networks, freight traffic is the main source of noise.

Figure 39 Number of people exposed to railway noise > 55 dB Lden inside and outside urban
areas in Europe (EEA Report, 2014).

Railway noise has different sources. Wheel-rail rolling noise is considered dominant source for
train speeds below 300 km/h and therefore the most relevant noise for rail freight. At higher
speeds aerodynamic noise dominates (Figure 40). Aerodynamic noise is mainly related to the
design of the waggon and therefore varies very little over the lifetime of the vehicle. In contrast,
rolling noise is radiated by the vibration of the wheels and the track related to the surface
roughness of the track and wheel (Figure 41). Therefore, rolling noise changes according to the
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track and wheel conditions. Defects of either the track or the wheel can increase the noise
emission significantly. An optimized maintenance strategy based on on-board condition
monitoring can help to reduce that kind of noise. Especially because noise mitigation is
considered to be most cost efficient when applied directly at the source, an on-board
measurement system that provides information about the noise source is desirable.

Figure 40 Noise level comparison between aerodynamic noise (dotted line) and rolling noise
(dashed line): solid line represents the sum of these two components, symbols represent
measurements at 25 m distance from different ICE trains [31].
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Figure 41 Schematic representation of different noise sources including rolling noise exited by
wheel and rail roughness, where Lp is the sound pressure [32].
In this report we will analyse different sensor setups for the noise and vibration monitoring. In a
first experiment we use DLR’s road-rail research vehicle RailDriVE® to compare axle-box
acceleration data with acoustic data measured with several microphones at different locations
on board the car.
In a second study we investigate if and how noise sources can be separated from acceleration
data.

8.1. State of the art
On-board sensors to measure the wheel rail interaction are most prominently vibration sensors
at the axle-box or the bogie. In chapter 6 it was discussed how acceleration data can be used to
monitor the wheel profile condition which has a major impact on the rolling noise emission. For
track condition monitoring with in-service trains ABAs have been the sensors of choice and the
analysis of ABA data has been widely discussed in the literature. However, analysis and
interpretation of ABA data is still challenging. The main issue is the complexity of the dynamic
wheel–rail interaction, namely the superposition of different vibration signals related to wheel
and rail characteristics and auxiliary noise in the data. Additionally, vehicle-specific and timevarying parameters such as train speed, load and different locomotive/waggon types affect the
acceleration data and hence make direct interpretation (e.g. clustering, classification) of
acceleration data and their correlation to wayside data difficult.
Conventionally, there exist three different types of data analysis algorithms. The first type
comprises purely data driven approaches that extract features which can be used as track
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condition indicator. Algorithms of the second type try to reconstruct the track profile by solving
an inverse problem [33] and the third type is a mixture of type one and two [34]. All three types
have their own advantages and drawbacks that depend on a priori knowledge of the train and
the track, the amount of data and finally the problem to be solved.

8.2. Sensor specifications and requirements
The DLR has developed low-cost sensor systems based on components of the shelf that enable
the georeferenced acquisition of ABA data. These systems are installed on the road-rail vehicle
RailDriVE® (Figure 42) and on a shunter locomotive at the Braunschweig harbour industrial
railway network. These systems aim to deliver data for research purposes only and are used to
validate sensor setups and data processing algorithms. These sensor platforms have been used
to test and evaluate if the sensors and data processing algorithms are suitable for on-board noise
and vibration monitoring. The ABAs collect data with a wide frequency range between 0.8 Hz and
8000 Hz. This allows sensing typical rolling noise ranging from the low frequency noise excited by
wheel defects with fundamental frequencies, depending on train speed, below 100 Hz to high
pitch wheel squeal noise at e.g. 6000 Hz, as well as impact noise from track defects which has a
very broad spectrum. In this way the sampling rate can be determined for future, probably
cheaper sensors with narrower bandwidth for commercial applications.
As already mentioned in section 6.2 sensors of a waggon monitoring system are exposed to
harsh environmental conditions especially sensors that are mounted on the outside of the
waggon such as ABAs. Therefore, those sensors should be resistant to very high and low
temperatures, water, pressure variation from tunnel passing, shocks etc.
The technical specifications of the ABA used in this study are summarised in Table 2.
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Table 2: ABA specifications.
Performance
Sensitivity (±5 %)
Measurement Range
Frequency Range (±5 %)
Frequency Range (±10 %)
Frequency Range (±3 dB)
Resonant Frequency
Broadband Resolution (1 to 10000 Hz)
Non-Linearity
Transverse Sensitivity
Environmental
Overload Limit (Shock)
Temperature Range
Temperature Response
Electrical
Settling Time (within 1% of bias)
Discharge Time Constant
Excitation Voltage
Constant Current Excitation
Output Impedance
Output Bias Voltage
Spectral Noise (10 Hz)
Spectral Noise (100 Hz)
Spectral Noise (1 kHz)
Electrical Protection
Electrical Isolation (Case)
Physical
Size - Length
Size - Width
Size - Height
Weight

10.2 mV/(m/s²)
±490 m/s²
2.4 to 2000 Hz
1.7 to 5000 Hz
0.8 to 8000 Hz
20 kHz
981 µm/sec2
±1 %
≤5 %
49050 m/s² pk
-54 to +121 °C
See Graph %/°F
≤3.0 sec
≥0.2 sec
18 to 28 VDC
2 to 20 mA
<100 Ohm
8 to 12 VDC
68.7 (µm/sec2)/√Hz
27.5 (µm/sec2)/√Hz
9.8 (µm/sec2)/√Hz
RFI/ESD
>100000000 Ohm
38.1 mm
38.1 mm
20.8 mm
139 gm

8.3. Comparison between ABA and on-board microphone data
In this experiment we test how an ABA can detect impact noise generated at track irregularities
such as points, crossings, rail joints and welds in comparison to on-board microphones. Goal of
this experiment is to test if ABAs alone can provide sufficient information on the rolling noise
emission, or if additional on-board microphones are necessary. Since rolling noise is the most
prominent noise for freight waggons, the results of this experiment are vital for determining the
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sensor setup for the noise and vibration monitoring task of the waggon monitoring system.
The experiment was carried out with the DLR RailDriVE®, a road-rail testing and measurement
vehicle (Figure 42) that provides a flexible, adaptable platform for the development of
positioning and other sensor systems. For this study the car acquired data in the Braunschweig
Harbour industrial railway network (Figure 43).
The RailDriVE® was equipped with two three-component ABAs, one on the left and one on the
right side of the rear axle (Figure 44). Additionally, three microphones (two of them were
specialised surface microphones for aerospace applications) were installed at different locations
of the car’s underbody to measure the sound pressure close to the rail (Figure 45).

Figure 42: DLR’s road-rail testing and measurement vehicle RailDriVE®.
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Figure 43: Braunschweig harbour industrial railway network, magenta lines indicate rail tracks.
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Figure 44: ABA at the rear axle of the RailDriVE®.

Figure 45: Surface microphone (left); surface microphone attached to the underbody of the
RailDriVE® (middle); standard microphone (right).
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In Figure 46 exemplary data are compared to show how wheel-rail contact noise is perceived by
a microphone and an ABA. Both data sets show peaks at the same distinct locations. The peaks’
intervals correspond to typical 30 m rail sections and are caused by the wheel rolling over
welded joints between sections. This kind of noise is perceived as the typical “clickety-clack” of
railcars. From this data example it can be seen that this kind of noise can be sensed by ABAs in a
similar way than by microphones. Furthermore, the peaks in the ABA data stand out more
distinctively than in the microphone data with a better signal-to-noise ratio. This becomes even
more obvious after extracting the peaks by means of the crest factor (peak amplitude divided by
the root mean square amplitude, Figure 47). This is due to the fact that microphones are more
prone to auxiliary noise, such as wind noise that masks the wheel-rail contact noise. Additionally,
the resolution of the ABA data is higher because the signal is recorded in close proximity to the
source, namely the wheel-rail contact, and hence does not travel through air. Therefore, the
signal perceived by the ABA is less affected by absorption, reflection and transmission than the
signal received by the microphones.

Figure 46: Comparison of ABA data (blue line) and microphone data (orange line). Microphone
data were measured with the standard microphone close to the rear axle and ABA data
originate from the vertical component of the sensor at the right side of the rear axle.
Amplitudes are normalised for comparison.
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Figure 47: Crest factor of the data shown in Figure 46 using a window of 20,000 samples (≈ 1 s)
with 80 % overlap. Blue line indicates ABA data and orange line indicates microphone data.
With this experiment we could show that noise emissions originating from the wheel rail contact
can be identified from the ABA data and quantified. Therefore, for this particular task, there is no
need for microphones in addition to acceleration sensors.

8.4. Comparison with wayside measurements
In addition to the on-board measurements described in the previous section way-side acoustic
measurements were carried out synchronously. The aim of this experiment was to get a deep
understanding of how noise and vibrations resulting from a rail vehicle are perceived in the near
field and far field, respectively and how they are correlated. The way-side acoustic
measurements were carried out with a microphone array (Figure 48) during several passings of
the RailDriVE® at different speeds.
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Figure 48: Microphone-array for way-side acoustic measurements.
The microphone-array also allows producing acoustic videos that can be used to identify noise
sources at the car (Figure 49). The way-side acoustic data will be further analysed and correlated
with the on-board data in the course of following Shift2Rail IP 5 projects.
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Figure 49: Snap-shot of an acoustic video produced by the way-side microphone-array.

8.5. Source separation applied to ABA data
Rolling noise is excited by the wheel-rail contact and has different sources that interact with each
other. The most predominant sources are the unevenness of the wheel and the track, usually
referred to as roughness.
In this second experiment it is investigated how different noise components excited by the wheel
rail interaction can be separated. ABA data gathered with an in-service shunter locomotive
(Figure 50) at the Braunschweig harbour industrial railway network (Figure 43) are analysed.
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Figure 50: a) Shunter locomotive at the Braunschweig harbour, b) front axle-box, c) on-board
data acquisition box, d) and e) ABA.
To separate the different signal components one can make use of the fact that the components
related to the vehicle and wheel are rather constant or change slowly and constantly over the
time of a train journey while components related to track defects or surface roughness occur
only at distinct positions on the track and are therefore sparse in time.
The exemplary data set shows that peaks in the time domain (Figure 50, top) that are related to
track defects appear as vertical lines in the time-frequency representation (Figure 51, bottom).
This is due to the impulsive excitation at the wheel-rail contact. In contrast, permanent engine
and rolling noise related to wheel conditions appear as horizontal patterns in the time-frequency
domain.
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Figure 51: Exemplary ABA data in time domain (top) and in time-frequency domain (bottom).
A source separation algorithm based on non-negative matrix factorisation can be applied to the
ABA data in the time-frequency domain to separate the different components (Figure 52).
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a)

b)

c)

d)

Figure 52: Time-frequency representation of exemplary ABA data; a) raw data, b) noise
component related to the vehicle, c) noise component related to impacts from the track, d)
residual component containing squeal noise indicated by red circle.
It can clearly be seen how this approach is capable of separating quasi stationary components
related to the wheel and engine (Figure 52 b) from transient components related to track
irregularities (Figure 52 c). The residual component (Figure 52 d) represents those parts of the
signal that cannot be explained by the continuous wheel component or track irregularities. It
mainly contains white noise but also valuable information, in general signal components that are
relatively sparse in time and frequency. In this case the residual component contains noise
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related to car acceleration and wheel squeal noise (indicated by red circle). Squeal noise from
breaking or negotiating a narrow radius curve is perceived as very uncomfortable high-pitch
tonal noise and is therefore of special interest when it comes to noise mitigation operations. This
experiment showed that the main types of noise (rolling noise, impact noise and wheel squeal)
could be identified from the ABA data and separated.
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9. Other monitoring tasks
Monitoring rail assets allows increasing safety, comfort, reducing damage to the infrastructure,
but also improves the maintenance strategy and costs. For monitoring, different sensor elements
and components are used, depending on each case.
In this section, monitoring of wheelsets and couplers is addressed. The first part focuses on the
wheelset traceability systems, from the production phase, to continue with wheelset
maintenance. In this part, a new solution for the monitoring of the number of cycles that a
wheelset has covered is described.
In the second part, different monitoring solutions for automatic couplers are presented.

9.1. Wheelset traceability and mileage
Traceability of wheelsets is critical to assure that their performance is according to the design
factors. Traceability covers the initial production phase, where information from the material
and process is recorded, continues with the assembly process and concludes with the
maintenance actions, where wheels are reprofiled and replaced and other components replaced
or repaired.
During the production phase of wheels and axles, information from the material is recorded. The
material is classified according to a code, and samples are tested, and their results stored. The
production phase comprises not only the manufacturing but also the inspection tests. Some of
the results of these tests are stored and marked on the components.
Finally, the wheels and axles are marked with the most relevant information, for identification
and validation. The mounted wheelset is considered as a separated component, and is provided
with its own identification system, a metallic collar, fixed to the central body of the axle.
However, the information contained in the plate is very limited, and external paper
documentation is used to provide additional info by the supplier. The following figures represent
examples component marking.

Figure 53: Example of the marking drawing in a wheel.
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Figure 54: Example of the marking drawing in an axle.

Figure 55: Drawing example of the marking collar in a wheelset.
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Figure 56: Example of the marking collar in a wheelset.
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Figure 57: Wheelset information to be provided by the supplier, according to EN-13260.
Information provided in paper format (Figure 57), can be missed and in case that the user uses
digital databases, it should be manually translated into digital format. For this reason, many
users request digital identification tags that can be quickly identified and its information,
automatically translated into a database. Some of the customers require QR codes (Figure 58),
installed on stickers on the wheels and axles.
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Figure 58: QR code example.
However, these QR readers are based on optical technology for reading, and the operator,
provided with a portable reader, should get very close to the code, to be able to read it.
Moreover, these readers are very sensitive to dust, and a slight damage to the sticker can make
the code unreadable. Finally, these QR codes cannot be modified. For this reasons, there are
significant limitations on the use of this technology, for identification and data transmission in
railway assets.
On the other side, RFID technology is based on radiofrequency identification. This means that
the identification code can be transmitted wireless, at a certain distance, automatically. RFID
technology is not sensitive to dust, because data transmission is not done optically but using
radiofrequency.
RFID technology uses an RFID tag (Figure 59), which contains a microchip, connected to an
antenna. This system can use power supplies, in case that the reading distance is high, but in
case that the distance is shorter, power is not necessary and the tag can be powered by the
reader emitted radiofrequency waves. The use of RFID technology is cheap, because the
production costs of a tag are very low and because the maintenance costs are low, as they do
not require the use of batteries.

Figure 59: RFID tag.
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The main advantages of RFID technology, in the railway industry are:
1.
2.
3.
4.
5.
6.

Tags can store data.
The information contained in the tag can be modified.
Several tags can be read simultaneously.
There is no need for visual contact between tag and reader.
The size of the tag can be significantly reduced and adapted to the use conditions.
The format of the tag can be adapted to each case and application.

In this project, tags for traceability of wheels, axles and wheelsets are proposed. For this, each
component, will allocate an RFID tag, specially designed and tuned for its use in metallic
environment.

9.1.1. RFID tags for wheels and axles for manufacturing traceability
As stated in the previous section, part of the traceability process starts in the production phase.
For this, specific reusable RFID tags can be used. These tags will not be the final ones and will
only be used for the production phase. They will be easily attached to the wheels and axles,
using magnets, and mounted at specific points of the production process, to be removed later
and mounted on another component. They will store relevant information of the manufacturing
process, such as e.g., the material code, date, drawing, serial number, bore diameter, axle wheel
seat diameter.

Figure 60: Forged wheels stored before the machining process.
Depending on its format, the physical memory of the tag cannot be enough to store all the
relevant information of the process. For this reason, the use of a database is recommended.
According to this, the tag will only store the identification code, necessary to link the component
to the database and extract all the information.
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Figure 61: Specific rigid mounting envelope of an RFID tag, provided with magnets.
Running gear components are made in metallic material. This affects to the radiofrequency
waves, used for communication in RFIDs. For this reason, it is extremely important to define the
location and type of tag in each component, as well as the position of the readers, and
surrounding elements. According to this, specific coverage tests have been done to select the
most convenient tag type and location. Several restrictions, affecting to the coverage have been
considered, to define the coverage map (Figure 62).

Figure 62: RFID coverage tests.
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Figure 63: RFID location in a wheel.

9.1.2. RFID tags for expedition and maintenance
Once the manufacturing process of wheels and axles has finished, some of the information
contained in the database will be translated to a new RFID tag (Figure 64) that will be integrated
in the component, and will last there for the whole life of the component. This new tag will be
mechanically more resistant, and mounted in a specific location (e.g. blind hole), protected from
external impacts.

Figure 64: Long-life RFID tag for expedition and maintenance of wheels and axles.
The objective of this new tag is to provide the customer with the most relevant information in
digital format, in order to translate it automatically to its database. However, it will also help to
identify the component during the maintenance activities, where wheels are dismounted from
the axle and replaced or reprofiled.
The assembled wheelset should also be considered as another product, and therefore, identified.
For this reason, a specific RFID tag should be mounted on the wheelset, replacing the existent
metallic collar, providing information related to the manufacturing of the wheelset and its
associated components.
The use of a database is recommended for maintenance, in order to store the relevant events,
related to the wheelset, such as wheel reprofiling operations, wheel reference codes, press fit
diameters, maximum weight, reparations etc. This information will help the operator to better
track the wheelset during its life. This tracking effort will result in higher safety and maintenance
costs reduction.
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An assessment on the maintenance-related information and its location on the physical memory
of the tag or database has been completed. In order to maximize the amount of information
contained in the physical memory of the tag, the use of a specific codification, together with a
firmware to translate that code into readable information, is recommended.

9.1.3. RFID for mileage counting
A wheelset is designed for infinite life. However, in order to achieve this, maintenance activities
should be considered, to detect possible cracks that can lead to a sudden break of the axle. A
significant engineering effort has been paid by the wheelset manufacturers to develop crack
propagation models, in order to determine the most convenient inspection methods and
intervals. However, in order to determine the damage accumulated by a wheelset, the number
of cycles is an important factor. This determines the number of fatigue cycles that an axle has
suffered and will contribute to determine the size of the crack.
The number of cycles of a wheelset is not linked with the wagon mileage. So even if the mileage
of the wagon is recorded, the cycles of the wheelset are still unknown. This is because during
maintenance operations, wheelsets are removed from the wagons, and mounted again, but in a
different wagon. Therefore, a specific tracking system, to determine the number of cycles
covered by a wheelset, is required.
The best location for counting cycles in a wheelset is the axle box (Figure 65). This is because the
bearings provide a reduced runout and high accurate faces to allocate the reader and the
rotating component. This location is normally used in passenger applications, for the installation
of the speed sensors (Figure 66), based on inductive measurement technology.
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Figure 65: Axlebox in a BA004 freight wheelset.

Figure 66: Speed sensor schematic.
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Several systems have been studied, such as speed sensors and mechanical counters. However,
the first requires electric power supply and a continuous monitoring system, and the second uses
a mechanical counter inside the axle box, and is therefore very difficult to read. For this reason a
good solution is the RFID technology, capable of counting cycles, but also to transmit the number
of counted cycles to an external system, without the need to open or dismount the axle box.
The concept is based on the use of an RFID tag, mounted on the end face of the axle and a
magnet mounted on the cap of the axle box housing. Every time the magnet passes over the tag,
a magnetic field is generated that is used to power the chip and count each cycle. When the
number of cycles counted by the system needs to be extracted from the system, an external
reader excites the RFID tag and gets that number. This can be done with portable or fixed
readers at the workshops or wayside.
The most challenging point is to power up the chip every time the magnet passes over it.
According to Faraday’s Law, the magnetic field gradient generates a voltage on a coil. The more
the variation is, the higher the voltage. For this reason, measuring cycles at low speeds is the
most difficult point. For this reason, capacitive components are used. These elements will be
used as batteries and store energy at higher speeds, in order to power up the chip at low speeds,
when the power supply decreases. The system works as an energy harvester.
A prototype to test the feasibility of the system has been developed and tested (Figure 67). The
results are positive, but higher effort should be paid to produce a compact solution that fits into
the available volume and withstands the operational shocks, temperature and lubrication fluids.

Figure 67: Tests of the RFID mileage counter prototype in a test bench.
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9.2. Automatic coupler monitoring
In railway systems, the coupler is the element in charge of the physical connection between
wagons and coaches. It is also responsible for connecting the pneumatic and electric signals
when required.
In passenger applications, automatic couplers (Figure 68) are installed to connect complete
trainsets, but between coaches of the same unit semi-permanent couplers are normally used for
economic and operative reasons. In freight applications, the use of automatic couplers is
considered in order to optimize the vehicle composition times, reduce risks and overall
operational costs. For this reason, two automatic couplers are envisaged per wagon. As stated in
[35], each automatic coupler is composed by different subsystems, such as the coupler head, the
suspension type and the draftgear.

Figure 68: Automatic coupler by CAF.
The most extended coupler solutions in use, are not provided with state sensors to detect if a
component of the Automatic Coupler has failed or is close to fail. For this reason, maintenance
activities are programmed periodically, with different actions, depending on their frequency.
1. Monthly revisions include cleaning parts, checking springs and locking elements.
Irreversible energy absorption systems are also checked visually to detect if they have
been activated or not.
2. Every three months components of the mechanism should be regreased, and also an
overall visual check is performed.
3. Every year, the coupler head should be cleaned, springs should be checked, actuators
should be checked and parts should be regreased. Pneumatic components should be
checked to detect possible air leaks.
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4. Every 4 years, pneumatic sealing components should be replaced and leak checks should
be performed. Mechanical components should be checked to detect corrosion and to
apply anticorrosive paint.
A new Automatic Coupler concept for freight is proposed in [36]. It is based on the existent SA-3
solution, with some upgrades, to provide automatic uncoupling functionality, automatic
pneumatic coupling and also electric power connetions.
The main design driver of this new solution is to simplify the number of parts and components,
in order to reduce production costs and maintenance costs. For this reason, the mechanical
coupling system is more robust than the Scharfenberg type (Figure 69), used in passenger
applications. However, there are some components that suffer from aging, such as pneumatic
sealing components, made in rubber. For this reason, maintenance actions are still envisaged for
these elements.
One of the most critical components of a coupler is the brake pipe valve. It is in charge of
releasing air to the atmosphere, in case that an unexpected uncoupling occurs, to activate the
emergency brakes. In order to detect if this component has failed or is close to fail, sensor
elements can be installed on it. This is done by adding mechanical or inductive switches in the
brake pipe valve piston. This allows tracking the performance of the valve to detect the closing
activation times and profiles to detect if there is some additional friction on the sliding
components.
Uncoupling is achieved by means of an electric actuator that moves a linear stage and thanks to
a rod the movement is translated into a rotational motion that rotates the uncoupling
mechanism. The electric power consumption of electric actuators is commonly monitored to
detect if the performance of the actuator is good or not. It can help to detect if the motor is
close to fail by monitoring the power consumption profiles.
The force transmitted by the coupler can also be measured by means of load cells or strain
gauges mounted on specific locations. This information can be gathered by the train information
system to improve the braking or tractive efforts for a more optimized acceleration or
deceleration profiles and to reduce damage on the wagons and on the couplers.
Monitoring the stresses of the coupler can also be used to feed the crack propagation models to
determine the inspection intervals or program the replacement of the coupler head.
Monitoring the status of the energy absorption systems is also another possibility. This will
contribute to reduce maintenance costs, as it will allow detecting if the non-reversible energy
absorption elements have been unexpectedly activated or not and should be replaced. The
reversible energy absorption systems, such as dampers, can be monitored as well to detect if
their performance is dropping in order to program a scheduled maintenance activity.
The status of the coupling mechanism is a key parameter for the train integrity signals and is
normally used in the current railway systems.
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Figure 69: Scharfenberg-type coupling mechanism.
Monitoring the status of this component allows identifying the number of coupled wagons, and
thus, the length of the composition. In the Scharfenberg solution, this is done using pneumatic
valves or electric switches that detect the rotation of the coupling shaft. Others detect if the
front surface is in contact with another coupler.
This information is critical for safety and running performance, as it will be used by the traction,
braking and by the traffic management systems.
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10.

WMS architecture and interfaces

The WMS comprises the sensor nodes of a Wireless Sensor Network (WSN) that is an integral
part of the wireless backbone infrastructure as specified in D 3.2 – Detailed Specification of
train’s wireless backbone infrastructure.
For the specification of the interfaces the following standards will be analysed in D 3.2:
•
CENELEC EN 50129: Classification of the communications between devices. This standard
is applicable to safety-related electronic systems. This standard applies to the specification,
design, maintenance and modification/extension phases of complete signalling systems, focusing
on the interfaces design for the purpose of this chapter.• CR940: Document performing
changes to the definitions of the ETCS subsets.
This CR940 subset document has to be taken into consideration during the development of the
WMS.
The definition of the interfaces will follow the OSI standard. This method will help the definition
of different sensors and connectors throughout the different layers.
A sensor node could be a single sensor or a combination of closely located sensors with a shared
radio transceiver, microcontroller, and energy source. The wOBU, in this case, acts as a sink node
in the WSN and transforms the received data to a common data structure as it will be defined in
D 3.8 – Specification of data model for application interface of WMS. In D 3.8 the WSN adapter
will be specified, as a coordinating technology which integrates the on-board WSNs into a higher
architecture level. The communication endpoints for different supported protocols
implementations will be integrated on this architecture. The WSNs need to make use of a
communication protocol to transfer information between them and the WSN adapter. In D 3.1
Requirement Analysis and Technologies Evaluation for Train’s Wireless Backbone, an analysis
evaluation of the State of the Art of Wireless Communications Technologies is presented. This
analysis leads us to select the communication protocol that suits best to the system constraints
and the communication requirements. According to the D3.1 conclusions, the solution involves a
medium bit rate wireless protocol for mobile environments with medium coverage, low
consumption and low cost based on the reference scenario. The IEEE 802.11 family will be used
to cover these requirements, with the IEEE 802.11p being the best candidate, but other
alternatives can be analysed in order to have more choices to decide.
The WSN adapter will gather data from the WSN performing edge operations in a safe and
secure way, and interacts with the wOBU platform. The data from the sensor nodes are
transferred to the wOBU which, in turn, pre-processes, stores and transmits the data to the loco
and wayside infrastructure.
The connection among the different entities will be defined using this deliverable and D 3.2 –
Detailed Specification of train’s wireless backbone infrastructure as main inputs. In the same way,
the connection among physical subsystems existing in the High Level Architecture offers
different end-user interfaces to which internal and external end-users may connect.
The first specification of the interfaces and the data model will lead us to a single ontology
approach used as a global reference model in the system. This ontology will be analysed
alongside the Semantic Sensor Network Ontology. This ontology might reduce the complexity of
the nodes in a multimodal environment approach by allowing the creation of wider services that
can fit the different use cases in which the WMS is involved. The ontology leads us to define the
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data model, based on layers in which services, nodes and sensors are defined. The data are
transferred among different layers using a data payload based on binary serialization format
which will be specified in future deliverables. The binary serialization format selected has to fulfil
scalability, security and interoperability features among others.
In the simplest WMS setup the WMS and wOBU are combined, where the sensors are directly
connected to the wOBU via cables. In this case, the wOBU provides the energy for the sensors.
This kind of wOBU with the capability to monitor external sensors via digital and analogue input
ports is readily available on the market. One of them is the Waggon Tracker-Advanced provided
by PJM as described in section 6.2.
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11.

Conclusions

On-board data provide, complementary to wayside data, information on the health status of
rolling stock and infrastructure. The integration of all different data sets and the combined
analysis using state of the art processing algorithms will lead to the best results in terms of
condition monitoring for condition based and predictive maintenance.
In this report different waggon monitoring sensor systems were introduced and discussed. Main
focus was put on three different monitoring tasks, namely wheel profile condition monitoring,
wheelset diagnostics and noise and vibration monitoring. A broad overview of state of the art of
CBM, different fault detection and diagnosis approaches was given.
In chapter 6 simulation based analyses were carried out to demonstrate the detectability of
worn wheel profiles from sensor data. It could be show that wheels with worn or new wheel
profiles could be classified using machine learning algorithms with accuracy of up to 95 % under
certain conditions.
In chapter 7 current and potential wheelset diagnostic and detection systems were analysed
showing that for a complete CBM not only the technical ability to gather those data is
challenging but also to generate knowledge from these data. Here, the in-service detection and
identification of fatigue cracks in both wheels and axles is the main challenge to tackle.
Different sensor setups for noise and vibration monitoring were tested in chapter 8. Specifically,
ABA data were compared with microphones embedded at different locations at the car. It was
shown that ABAs can gather information about rolling noise related to track irregularities just as
well as microphones, but are less corrupted by auxiliary noise, such as wind noise. Furthermore,
source separation algorithms can be applied to the ABA data to recover the main noise sources
related to the wheel and rail. This study suggests that on-board microphones are rather optional
than essential sensors for a WMS and in order reduce costs they could be omitted.
Finally, monitoring of wheelsets and couplers was addressed in chapter 9. A new solution based
on RFID technology for the monitoring of the number of cycles that a wheelset has covered was
described. In chapter 10 the architecture and interfaces of the WMS within a WSN are discussed
and linked to other related deliverables of FR8RAIL WP3.
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