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Executive Summary
This deliverable presents the results of Task 4.2 within Work Package WP4. The objective of WP4
is to develop methods for the predictive maintenance of freight wagons, in order to increase the
performance and cost effectiveness of rail freight transport. In this framework, Task 4.2 had the
objective of developing damage models and health monitoring methods for selected wagon
components, based on a prioritization coming from the results of Task 4.1.
The work performed in this task covered the following topics:
•

structural monitoring of axles;

•

monitoring of integrity of primary suspension components;

•

detection of wheel flats also having size below xx mm;

•

models for wheel wear;

•

monitoring of roller bearing damage.

The structure of the document is as follows:
Section 1, Introduction, presents the main aims of the Task and provides a general description
of the activities performed.
Section 2, Structural health monitoring of railway axles, describes the investigations related
to using acceleration measurements to detect the presence of a fatigue crack in a railway axle.
This work included both the design of a sensor node suitable for performing the SHM of the axle
and the use of Multi-Body and Finite Element models to assess the possibility to detect the
presence of the crack through the extraction of the nxRev components from the measured axlebox acceleration.
Section 3, Monitoring of primary suspension, reports about methods for performing the SHM
of primary suspension components based on the examination of cross-correlation functions
established between different modes of vibration of the bogie frame. The method is shown to be
feasible by means of numerical experiments performed using a multi-body model of a wagon
with healthy/ faulty suspensions.
Section 4, Wheel flats, investigates new possibilities for the detection of wheel flats based on
measuring car body acceleration and aiming at distinguishing the size of the wheel flat. A
method for wheel flat detection based on a machine learning approach is defined and validated
using field test data.
Section 5, Wheel wear, presents a model for the evolution of wheel wear damage depending
on the service scenario of the wagon. The trends of typical wheel wear indicators is obtained
from the model and compared to historical data supplied by partner HVLE.
Section 6, Roller bearing damage, considers possibilities for the condition monitoring of roller
bearings based on measuring axle box accelerations. A Bearing Health Indicator BHI is defined
and the relationship between this indicator and the presence of damages in defective bearings
removed from service is analysed based on condition monitoring data provided by partner PER.
Through this analysis, significant correlation between BHI and defect size is found, indicating
promising chances for implementing the health monitoring of roller bearings.
Section 7, Conclusions, provides some conclusions concerning the feasibility and usability of
the damage models and condition monitoring methods investigated in the task, which represent
an input to the work being performed in Task 4.3.

6 / 78

Deliverable D4.2 [Final]

List of abbreviations
ADTreS

Analisi Dinamica Treno Struttura (POLIMI's in-house software)

BHI

Bearing Health Indicator

CBM

Crack Breathing Mechanism

CMMS

computerised maintenance management system

DB

Deutsche Bahn

DFT

Discrete Fourier Transform

EMD

Empirical Mode Decomposition

EEMD

Ensemble Empirical Mode Decomposition

FFT

Fast Fourier Transform

FRT

Forests of randomized trees

GCU

General Contract of Use for Wagons

GPS

Global Positioning System

GTB

Gradient Tree Boosting

HVLE

Havelländische Eisenbahn AG (INNOWAG Project partner)

IEEE

Institute of Electrical and Electronics Engineers

IMF

Intrinsic Mode Functions

KNN

K-nearest Neighbour

KTH

Royal Institute of Technology, University in Sweden

LLE

locally linear embedding

LLTSA

Linear Local Tangent Space Alignment

LRS

Lucchini RS (INNOWAG Project partner)

LTSA

local tangent space alignment

MB
MBS

Multi-Body
Multi-Body Simulation

MSD

Mahalanobis Squared Distance

MT

magnetic particle inspection

NDT

Non-destructive testing/inspection

OOR

Out-of-Roundness

PCA

Principal Component Analysis

PER
POLIMI

Perpetuum Ltd. (INNOWAG Project partner)
Politecnico di Milano (INNOWAG Project partner)

RMS

Root Mean Square

SHM

Structural Health Monitoring

SVM
TUB

Support Vector Machine
Technische Universität Berlin (INNOWAG Project partner)

UNEW

Newcastle University (INNOWAG Project partner)

UT

Ultrasonic inspection

UVA
VPI

Uzina de Vagoane Aiud S.A. (INNOWAG Project partner)
Vereinigung der privatgüterwagen-interessenten

VT

Visual inspection

VTG
7 / 78

Deliverable D4.2 [Final]

WFI

wheel flat severity index

List of figures
Figure 1 – Prototype hardware ................................................................................................. 13
Figure 2 – Shapes of elliptical crack with different sizes (light grey: cracked area – dark grey:
intact area). .............................................................................................................................. 14
Figure 3 – Illustration of the breathing mechanism for an elliptical crack with 30% size............ 15
Figure 4 – Finite element model of a railway wheelset with cracked axle ................................. 16
Figure 5 – Cross section of the crack and calculation of the section’s area moments .............. 16
Figure 6 – Trends with the angle of rotation of sectional parameters A, Jxz, Jz and Jx for a solid
axle cross-section with 50% crack ........................................................................................... 17
Figure 7 – Multi body model of a wagon with one cracked axle ................................................ 18
Figure 8 – Trends of first three harmonics of acceleration signal for crack close to the wheel seat.
Left: vertical axle-box acceleration, right: horizontal axle-box acceleration. .............................. 19
Figure 9 – Trends of first three harmonics of acceleration signal for crack in the centre of the axle.
Left: vertical axle-box acceleration, right: horizontal axle-box acceleration. .............................. 20
Figure 10 – Trend of Mahalanobis distance for an assumed history of progress of axle damage
................................................................................................................................................ 21
Figure 11 – Procedure for order tracking of the axle-box acceleration signals and extraction of
nxRev harmonics ..................................................................................................................... 22
Figure 12 – Time histories of the axle-box acceleration measured on the front and rear wheelsets
of a bogie in a line test ............................................................................................................. 23
Figure 13 – Simulated vertical acceleration signal of axle with 35% crack obtained from the model
described in Section 2.2.2 ........................................................................................................ 23
Figure 14 – Comparison of measured and estimates vehicle speed ........................................ 24
Figure 15 – Trends with crack size of the first three nxRev harmonics of vertical and horizontal
acceleration signals after using the proposed tacho-less de-noising technique. ....................... 24
Figure 16 – The primary suspension of the Y25 bogie (left) and its mathematical model (right) 26
Figure 17 – Schematic representation of the signal processing technique for the detection of faults
in the primary suspensions. ..................................................................................................... 30
Figure 18 – Fault indicators 1 to 4 for a fault in the rear outer coil spring (type A) and vehicle in
full load condition ..................................................................................................................... 31
Figure 19 – Fault indicators 1 to 4 for a fault in the rear outer coil spring (type A) and vehicle in
tare load condition.................................................................................................................... 32
Figure 20 – Fault indicators 1 to 4 for a fault in the dry friction element (type B) and vehicle in full
load condition........................................................................................................................... 33
Figure 21 – Fault indicators 1 to 4 for a fault in the dry friction element (type B) and vehicle in tare
load condition........................................................................................................................... 33
Figure 22 – Workflow of wheel flat detection ............................................................................ 36
Figure 23 – MBS model of a freight wagon with a wheel flat .................................................... 38
Figure 24 – Axle box acceleration signals for different sizes of wheel flats at different vehicle
speeds: 30 km/h (a), 60 (b) km/h and 80 km/h (c). ................................................................... 38
Figure 25 – Comparison between carbody acceleration (top) and axle box acceleration (bottom)
for a wheel flat with the size of 60 mm at the speed of 60 km/h................................................ 39
Figure 26 – Field test data of wheel flats with different sizes .................................................... 40
Figure 27 – Peak values corresponding to different flat sizes at different vehicle speeds ......... 41
Figure 28 – EEMD results for different sizes of wheel flats (20 𝑚𝑚, 35 𝑚𝑚 and 60 𝑚𝑚) at vehicle
speed 30 𝑘𝑚/ℎ. ....................................................................................................................... 44
Figure 29 – Results of EEMD-LLTSA: 30 𝑘𝑚/ℎ (a), 60 𝑘𝑚/ℎ (b) and 80 𝑘𝑚/ℎ (c)................... 44
Figure 30 – LSSVM prediction results at different vehicle speeds by using different methods:
EEMD-LLTSA (a), peak value method (b) and RMS method (c), whereas the label 1, 0 and -1
represent that the wheel flat sizes are 20 𝑚𝑚, 35 𝑚𝑚 and 60 𝑚𝑚, respectively. ..................... 45
Figure 31 – Axle box acceleration signals for different sizes of wheel flats (0 𝑚𝑚, 20 𝑚𝑚, 35 𝑚𝑚
and 60 𝑚𝑚) at vehicle speed 25~35 𝑘𝑚/ℎ (a), and its EEMD-LLTSA result (b). ...................... 46
8 / 78

Deliverable D4.2 [Final]

Figure 32 – Axle box acceleration signals for different sizes of wheel flats (0 𝑚𝑚, 20 𝑚𝑚, 35 𝑚𝑚
and 60 𝑚𝑚) at vehicle speed 55~65 𝑘𝑚/ℎ (a), and its EEMD-LLTSA result (b). ...................... 47
Figure 33 – Axle box acceleration signals for different sizes of wheel flats (0 𝑚𝑚, 20 𝑚𝑚 and 60
𝑚𝑚) at vehicle speed 80~90 𝑘𝑚/ℎ (a), and its EEMD-LLTSA result (b). .................................. 47
Figure 34 – LSSVM prediction results ad different vehicle speeds by using EEMD-LLTSA method,
whereas the label 1, 2, 3 and 4 represent that the wheel flat sizes are 0 𝑚𝑚, 20 𝑚𝑚, 35 𝑚𝑚 and
60 𝑚𝑚, respectively. ................................................................................................................ 48
Figure 35 – Comparison between carbody acceleration and axle box acceleration under a wheel
flat with the length of 20 mm at the running speed of 70.13 km/h ............................................. 49
Figure 36 – Carbody accelerations of a wheel flat of 20 mm divided into 7 time segments, the
interval of the segments representing one wheel rotation ......................................................... 50
Figure 37 – Principe of feature 𝑘𝑡1 ........................................................................................... 50
Figure 38 – Comparison of envelope spectrum of carbody accelerations between wheel flats and
intact wheels ............................................................................................................................ 51
Figure 39 – Comparison between carbody accelerations under a wheel flat at different vehicle
speeds: upper 81.71 km/h, middle 37.72 km/h, bottom 24.76 km/h .......................................... 53
Figure 40 – Process for wheel wear prediction ......................................................................... 59
Figure 41 – Wear rate as a function of wear index [31] ............................................................. 60
Figure 42 – Wheel profile with profile parameter [30] ................................................................ 61
Figure 43 – left: mechanical measurement device “DB Systemtechnik EWF 5573.77/1” for flange
height, flange thickness and flange angle (source: DB Systemtechnik); right: laser measurement
device Calipri Prime (source: NextSense) ................................................................................ 63
Figure 44 – Changes of the profile parameters over the mileage travelled ............................... 64
Figure 45 – Plot of circumferential damage measured against the mileage which the bearing had
been in service for the defective bearings detected in the case study fleet. .............................. 69
Figure 46 – Relationship between Maximum BHI values and measured circumferential damage
of defective bearings ................................................................................................................ 71
Figure 47 – BHI values recorded for two bearings between 01/01/2016 and 30/08/2016, one with
a 74mm circumferential damage (series A) and one with no known defects (series B) ............. 72

List of tables
Table 1 – Parameters of the primary suspension for different Type A faults for the full-load
condition (the values of the parameters in the healthy condition are Kz = 2.56 MN/m and
Fs = 16.51 kN). ......................................................................................................................... 27
Table 2 – Parameters of the primary suspension for different Type A faults for the tare condition
(the values of the parameters in the healthy condition are Kz = 1.0 MN/m and Fs = 2.12 kN).... 28
Table 3 – Values of the maximum sliding force for different Type B faults and for the wagon in
full-load and tare condition ....................................................................................................... 29
Table 4 – Summary of the results of numerical experiments for identification of faults in primary
suspensions. ............................................................................................................................ 34
Table 5 – Popular techniques for signal processing .................................................................. 36
Table 6 – Field test data used for the algorithm development ................................................... 39
Table 7 – Detailed description of experimental data for different detects. ................................. 45
Table 8 – Description of experimental data for different detects ............................................... 46
Table 9 – Classification accuracy ............................................................................................. 48
Table 10 – Numbers of data samples in different speed ranges ............................................... 54
Table 11 – Evaluation of the accuracy of various classification methods for different vehicle speed
ranges ...................................................................................................................................... 54
Table 12 – Cross-validation evaluation of two baseline models ................................................ 55
Table 13 – Tuned GTB-classifier .............................................................................................. 56
Table 14 – Accuracy of wheel flat detection tested by data samples in different speed ranges. 57
Table 15 – Limit values of the wheel profile parameters in operation [35] ................................. 61
Table 16 – Inspection criteria of wheel profile parameters according to VPI 04 ........................ 62
9 / 78

Deliverable D4.2 [Final]

Table 17 – Initial values of the profile parameters .................................................................... 62
Table 18 – Measured circumferential damage and maximum BHI result for defective bearings
removed from service .............................................................................................................. 70

10 / 78

Deliverable D4.2 [Final]

1. INTRODUCTION
The scope of Work Package 4 in the INNOWAG project is to develop methods for the predictive
maintenance of freight wagons, with the final aim of reducing the total life cycle cost for these
assets and to improve the performance and reliability of rail freight transport.
In this context, the aim of Task 4.2 is to develop models and methods for the real-time monitoring
of the health of selected wagon components. Work in this task was based on a prioritization of
components for monitoring obtained from the results of Task 4.1, in which a reduced set of failure
modes applicable to the Y25 bogies was selected as “best candidates” for the implementation of
predictive or condition-based maintenance policies, based on suitable health monitoring of the
components involved. The failure modes identified in Task 4.1 were:
a.
b.
c.
d.
e.
f.
g.

Wheel flat and wheel out-of-roundness;
Axle crack;
Unusable/leaking pneumatic parts in the brake system;
Broken helical coil springs;
Bottoming between axle-box housing and bogie frame
Worn shock absorbers.
Bearings

The above listing of the failure modes follows the same order as in the conclusions of Deliverable
D4.1.
Work in Task 4.2 addressed all of the above listed failure modes except “c” and “e”, for which a
suitable health monitoring strategy could not be devised or the knowledge needed to develop a
health monitoring application was not available within the project’s partnership.
The investigation of health monitoring strategies for the other fault modes was performed
according to the following share of work between the participants in the task:
-

T4.2.1: sensing hardware and data processing methods for the structural health
monitoring of railway axles (partners LRS + POLIM)
T4.2.2: methods for the monitoring of suspension components (partner POLIM)
T4.2.3: Wheel flats and out-of-roundness (partner TUB)
T4.2.4: Wheel wear (partner TUB)
T4.2.5: roller bearing damage (partners PER and UNEW)

Partners HVLE and UVA supported the work in the different streams by providing their experience
as operators and maintainers of rolling stock for freight transport.
The results obtained in the different streams of the research show the actual possibility of devising
practical strategies for the structural health monitoring of the most critical components in the
bogie, whilst the implications in terms of predictive maintenance strategies and the economic
benefits are investigated in Task 4.3
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2. Structural health monitoring of railway axles
The railway axle is one of the safety critical components in the wagon. For this reason, the
preventive maintenance to be carried out on this component in order to guarantee its safety is
particularly heavy, following the commonly adopted VPI 04 guidelines.
Typically, according to the VPI 04 guidelines, the inspections to be carried out are the visual
inspection (VT), having timings IS 0, which roughly corresponds to 30,000 km, and the magnetic
particle inspection (MT), having timings IS 2, corresponding to 600,000 km or 6 years. The latest
is the most critical inspection, it is adopted to have a very high confidence level of detecting any
defect on the surface of the axle, due to ballast, corrosion or other phenomena, which can bring
the axle to fracture. This inspection is very critical and time consuming, since the axle must have
the paint removed and all the components of the wheelset (wheels and bearings) must be
removed.
In order to guarantee additional safety in between these 600,000 km or 6 years, the ultrasonic
inspection (UT) is typically applied. For this inspection it is not necessary to remove the paint from
the axle nor to dismount the fitted components; anyhow, the inspection is time and resources
consuming.
Given this scenario, it is evident that a real-time monitoring can be highly beneficial for the railway
axle in terms of savings (time and money), from reducing inspections, and at the same time
increasing the safety of the component during its life.
The concept investigated in Task 4.2 is to monitor the integrity of the axle with an accelerometer
mounted on the head of the axle, inside the axle box. Using this sensor, the axle is checked for
defects a large number of times during the time interval separating two consecutive NDT
inspections, opening the way to re-thinking the policy of NDT inspections reducing the related
effort and cost.
This sensor is intended to monitor only the structural integrity of the axle, trying to reduce the
need for a time-consuming NDT inspection. Even if the capability of detecting defects with this
system is less accurate than a MT or UT inspection, the possibility to repeat the inspection every
day makes the chances of detecting a defect before there is a risk of failure high, therefore
ensuring the safe running of the vehicle.
The algorithm proposed for crack detection is based on the principle that presence of a crack
propagating in the axle perturbs the axi-symmetric bending stiffness of the axle and causes
harmonic components in the axle’s bending vibration at frequencies that are multiple integers of
the frequency of revolution, referred to as nxRev harmonics. This behaviour is known as the Crack
Breathing Mechanism (CBM). The Structural Health Monitoring (SHM) strategy proposed here is
based on the examination of the first 3 harmonic components of axle bending vibration and
especially of the 3xRev one.
To assess the feasibility of the proposed SHM approach, a model of a cracked axle based on a
Timoshenko beam Finite Elements model is defined according to which the crack is represented
as an equivalent beam element having cross-section area and moments which are periodically
changing with the axle rotation to reflect the crack breathing mechanics. The model of the cracked
axle was firstly validated by comparison with a more detailed model and with measurements, and
then it was incorporated in a multi-body model of a complete railway vehicle having one cracked
axle. The multi-body model is capable of considering in full detail the disturbance effects caused
by track irregularity and wheel out-of-roundness (OOR) and was used to investigate the minimum
size of cracks that can be reliably detected using the proposed SHM technique.
Finally, a procedure for extracting the nxRev components of axle vibration from a noisy and nonstationary signal was established using a tacho-less order tracking technique and signal
averaging in the angle domain.
Due to the lack of measurements for a complete wheelset with cracked axle rolling over a track,
the feasibility of axle crack detection was assessed by means of numerical simulations. The
results obtained show that the effect of disturbances caused by track irregularity and by wheel
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OOR can be almost completely eliminated by the de-noising techniques proposed, provided the
horizontal component of axle box acceleration is used for crack detection instead of the vertical
one. Numerical simulations also showed that cracks having a size in the order of 4% of the total
cross-section area can be reliably detected. This means the minimum size of the crack that can
be detected using the proposed SHM method is larger compared to the use of UT or MT
techniques, but the method proposed here enables the continuous monitoring of the axle whilst
US and MT inspections are only carried out at discrete intervals. Hence the SHM method
presented here is not proposed as a replacement of NDT inspections, but rather as an additional
procedure for the continuous (or semi-continuous) monitoring of the axle’s structural integrity,
thereby further reducing in-service failures of railway axles. However if experience with the
implementation of the SHM method proved that it could reliably detect all types and locations of
axle crack before they reach critical size, then there is potential that the frequency types of NDT
could be reviewed in the future. This possibility is discussed further in the conclusions to this
section.

2.1 Sensor Technology
The node to be developed to be applied to the axle end is only a prototype in this phase of
development and would require further development for commercial implementation, however
this development is beyond the scope of the INNOWAG project.
In order to obtain a low-cost solution for the prototype, the chosen board is very simple and cheap;
moreover, since the accelerometer must be mounted on the axle, the board must have a very low
energy consumption. This leads to computational problems, which were solved by performing
acquisitions of only a few seconds a few times per day rather than continuously. This lowering of
the frequency of acquisition is adequate for crack detection since the interval between of
acquisitions is much lower than the time for a crack to grow from detectable size to critical size.
The feasibility was verified theoretically, allowing for the adoption of a simple board.

Figure 1 – Prototype hardware
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Figure 1 represents the hardware chosen for the prototype. It consists of:
-

Arduino board, represented by the Main board MKR1000 (ARM Cortex M0, 32bit);
Wireless protocol: IEEE 802.11 (Wifi);
Li-Po battery, 3.7V, 450mAh.
Accelerometer ADXL375: 3-Axis, ±200 g, SPI/I2C, 13bit.

2.2 Algorithms for detecting axle cracks
Cracks in railway axles generally propagate in a plane perpendicular to the axle’s axis, taking the
name of “transverse cracks”. Figure 2 shows the separation of the intact and cracked surfaces for
a crack with elliptical front in a solid axle. The crack size is expressed as the percentage of the
total cross-section area which is penetrated by the crack.

Figure 2 – Shapes of elliptical crack with different sizes (light grey: cracked area – dark grey: intact area).

The propagation of the transverse crack causes a change of the axle’s bending stiffness in the
region around the crack. Due to the static forces applied to the axle boxes and wheel/rail contact
points, the crack undergoes a periodic closure and opening known, as “breathing”, as the axle
rotates, see Figure 3. This causes periodic changes of the area moments of inertia of the cracked
section that can be expressed by an adequate number of harmonic orders of a Fourier series
defined in the angle domain. The consequent periodic changes of the local flexural stiffness of
the axle affect the synchronous and super-synchronous vibrations of the axle. The amplitude of
axle vibrations, caused by this type of fault, depends on some factors including the depth of the
crack, the axial position of the cracked section, the mechanical and geometrical characteristics of
the axle. Therefore, the presence of a crack in the axle can be detected through the examination
of nxRev components of axle vibration, provided the size of the crack is large enough and the
sensor measuring axle vibration is placed in a suitable position which also depends on the location
of the crack.
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Figure 3 – Illustration of the breathing mechanism for an elliptical crack with 30% size

When the wheelset rotates at constant angular speed (i. e. when the wagon moves at constant
speed), the nxRev components of axle vibration can be easily extracted using a Discrete Fourier
Transform (DFT) decomposition of the signal and synchronous averaging can be used to
eliminate the effect of random disturbances such as those caused by tract irregularity. However,
if the axle rotates at non-constant speed (which is the typical case for a railway wheelset), special
order tracking techniques need to be used to evaluate the nxRev components in the signal.
The work performed to define the SHM strategy for the cracked axle consisted of two main
activities. Firstly, mathematical models of a wheelset with cracked axle and of a complete vehicle
with one cracked axle were established and used to relate the amplitude of nxRev vibration
components occurring in the axle to the size and location of the crack and to the location of the
transducer used to measure the axle’s vibration (see sub-sections 2.2.1 and 2.2.2). This work
was performed assuming a constant angular speed of the axle, so that the results could be easily
processed by means of the DFT. Secondly, a dedicated technique was developed for the
extraction of the nxRev components from an un-stationary signal representing the measure of
axle vibration when the wagon is performing any generic motion along the track, see sub-section
2.2.3.
2.2.1

Model of a wheelset with cracked axle using Timoshenko beam finite elements

A model of one wheelset with cracked axle was established as shown in Figure 4. Standard
Timoshenko beam elements [1] are used to model the entire axle, except for one portion
containing the crack which is modelled as a special “cracked element” having periodically varying
area and area moments properties A, Jx, Jz and Jxz. Note that the position of the cracked element
in the axle shown in the figure is just an example, as different positions of the crack were
considered in this study. The length of the equivalent beam element (lc) is defined as function of
crack depth [2]. It is assumed that the crack only affects the stiffness of the cracked element,
hence the mass and damping matrices of the element are the same as for all other elements.
Two rigid bodies are rigidly attached on to the axle at nodes 8 and 23 to represent the wheels.
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Figure 4 – Finite element model of a railway wheelset with cracked axle

To determine the stiffness matrix of the cracked element, Kc(t), it is necessary to calculate the
second moments of inertia of the cross section where the crack is located. For a given shape and
depth of the crack, these sectional properties are determined as a function of the axle’s angular
position using an iterative procedure which aims at reproducing the crack breathing mechanism,
the cross section is meshed as shown in Figure 5.

Figure 5 – Cross section of the crack and calculation of the section’s area moments
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Starting from an initial assumption on the opening/closing of the crack, the geometric centre, first
and second area moments of the section are computed. Using these parameters, the tensile
stresses resulting from the static bending moment applied on the cracked section are computed
at each cell. Then, the cells of the mesh at which the crack is open/closed are obtained as a
function of the tensile stresses found: if at one cell the tensile stress is positive, it means the crack
is open at the considered location and therefore the cell does not contribute to the calculation of
the moments of inertia of the cross section. If otherwise the tensile stress is negative, it means
the two facing surfaces of the crack are pressed together, so the crack is closed at the considered
location and the considered cell contributes to the moments of inertia of the cross section and
then to the corresponding stiffness elements of the stiffness matrix. The procedure is repeated
iteratively, until convergence of the cross-sectional moments of inertia is reached. Finally, the
procedure is repeated for a different angle of rotation of the axle and the values of the sectional
parameters A ,Jx, Jz and Jxz are stored for different angles of rotations, in steps of 1 Deg.
Figure 6 shows an example of the variation with the angle of rotation α of the sectional parameters
A, Jx, Jz and Jxz for a solid axle section with diameter 0.16 m affected by a crack having size 50%
of the total resisting area. The zero value of the angle of rotation is set at the position
corresponding to the full opening of the crack (the one shown in the bottom plot of Figure 3).
The finite element model of the wheelset with cracked axle was validated by comparing the results
of this model to numerical results obtained using a Finite Element model of the cracked axle
defined using solid elements and surface-to-surface contact elements [3]. Furthermore, the
results of the model described in this section were compared to experimental results from full
scale tests performed on a rotating bending fatigue test bench for railway axles. The comparisons
of results, which showed that there was good agreement between the results, are described in
detail in [4] and are not reported here, for the sake of brevity.

Figure 6 – Trends with the angle of rotation of sectional parameters A, J xz, Jz and Jx for a solid axle crosssection with 50% crack

2.2.2

Multi body model of a wagon with one cracked axle

In order to consider realistic boundary conditions for the model of the wheelset with cracked axle
described in section 2.2.1, a multi-body (MB) model of a complete wagon with one cracked axle
was established. This was obtained by merging the model described in section 2.2.1 in a dynamic
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model of the wagon. The wagon model, see Figure 7, assumes all bodies except the wheelset
with cracked axle to be rigid bodies and additionally accounts for the effect of track flexibility.

Figure 7 – Multi body model of a wagon with one cracked axle

In this model, one single element of the fourth wheelset in the direction of the wagon’s movement
is considered to be cracked by applying the time-varying stiffness parameters computed
according to the method described in the previous section. In the exemplary case shown in Figure
7 the crack is supposed to be located in the centre of the axle, but other locations (particularly
close to the wheel seat) were also considered.
To consider track flexibility in vertical and lateral directions, so-called “moving track” elements [5],
[6] are introduced in the model. These are lumped parameter systems meant to provide a
simplified representation of the dynamics of the track under each wheelset. The four moving track
elements are assumed to follow the forward movement of the wagon. The sleeper passing effect,
i.e. the periodic variation of track stiffness between a maximum value when the wheelset is over
one sleeper and a minimum one when the wheelset is at mid-span between two consecutive
sleepers, is considered in the sectional elements by periodically varying the track stiffness
parameters.
Overall, the model of the wagon with one cracked axle is appropriate for investigating the vibration
caused by the crack in a frequency range up to 200 Hz. Considering that for a vehicle moving at
120 km/h the 3xRev frequency is approximately 35 Hz, the frequency range of the model is fully
consistent with the scope of the study.
The model of the wagon with one cracked axle was validated against the in-house multi-body
software developed at Politecnico di Milano to analyse rail vehicle dynamics. Again, the results
of this validation are reported in full in [4] and are not repeated here for the sake of brevity.
The model was used to study the influence of the crack on the axle-box acceleration, which can
be easily measured and used for fault detection purposes. Two crack locations were simulated,
the first one close to the wheel (crack at element 7, see Figure 7) and the second in the centre of
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the axle (crack at element 15, see Figure 7). Both simulations are carried out for crack sizes
varying from 0% (no crack) to 50% in 5% steps.
A profile of wheel out-of-roundness (OOR) was considered for the wheels of the cracked
wheelset, as the out-of-roundness is also producing super-synchronous vibration components
which might affect the identification of the crack or produce false positives. Wheel out-ofroundness was defined as the sum of twenty sine functions with wavelengths corresponding to
the nominal wheel circumference (2.88 m) and the nineteen lowest sub-multiples. The amplitudes
of these components were defined starting from the values reported in [7] in which a statistical
elaboration of several wheel OOR profiles was performed. In order to make the case more severe,
the amplitudes from reference [7] were multiplied by a factor two. The phases of the harmonics
were generated using different random sets of numbers for each wheel, so to avoid correlation of
the OOR profiles obtained on the different wheels.
The simulated signals were obtained in time domain and by means of DFT function converted to
frequency domain to get trend with crack size of the harmonic components of axle-box
acceleration. The trend with crack size of the first three harmonics of the acceleration measured
at the left axle-box are shown in Figure 8 and Figure 9 for the two locations of the crack described
above, one close to the wheel seat and one in the centre of the axle.

Figure 8 – Trends of first three harmonics of acceleration signal for crack close to the wheel seat. Left:
vertical axle-box acceleration, right: horizontal axle-box acceleration.
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Figure 9 – Trends of first three harmonics of acceleration signal for crack in the centre of the axle. Left:
vertical axle-box acceleration, right: horizontal axle-box acceleration.

20 / 78

Deliverable D4.2 [Final]

In order to establish a fault detection criterion, the Mahalanobis Squared Distance (MSD) method
for outlier detection [8], [9] is applied to a set of multi-variate data formed by the amplitudes of the
2×Rev and 3×Rev harmonics of axle vibration. In order to build a suitable set of baseline data for
the healthy axle, several cases were run using the MB model of the wagon considering no crack
in the axle and different randomly generated track irregularity and wheel out-of-roundness
profiles.
Then, simulations were carried out considering the presence of a crack with crack size varying
from 2% to 30% in step of 2%. A set of multi-variate data with increasing size was formed
considering the 2×Rev and 3×Rev amplitudes of the longitudinal axle box acceleration obtained
from the simulation, starting from the cases with 0% crack size and then considering the other
simulation cases in order of increasing crack size.
Figure 10 shows the trend with the number of samples of the Mahalanobis Squared Distance
obtained in this way. A threshold value for the MSD is set to 40, to avoid the possibility of false
alarms in the detection of the crack. This threshold is firstly exceeded for 4 %crack size, which
corresponds to a depth of the crack in radial direction of about 13 mm.

Figure 10 – Trend of Mahalanobis distance for an assumed history of progress of axle damage

2.2.3

De-noising technique

In Section 2.2.2 it was shown that it is possible to detect cracks in a railway axle from measuring
axle-box acceleration, even in presence of intense disturbance from track irregularities and / or
wheel out-of-roundness. However, the results shown in Section 2.2.2 were obtained for stationary
cases, i.e. considering the axle to rotate at constant angular speed. The real case is instead that
the angular speed is variable and unknown, leading to the need of treating a non-stationary signal.
A technique called “order analysis” is often used to analyse non-stationary signals coming from
rotating machines or rotating parts such as the wheelset and to sort the nxRev signal components
in the signal. Order tracking is a family of signal processing tools aimed at transforming a
measured signal from the time domain to the angle (or order) domain. These techniques are
applied to asynchronously sampled signals (i.e. acquired using a constant sampling rate in Hz)
to obtain the same signal sampled at constant increments of the angular position of a reference
shaft. Once DFT is applied, the spectrum is based on orders instead of frequency. With this
method, it’s possible to separate frequency components which are related to machine speed and
those that are related to ambient noise or to the vibration of the non-rotating part of the system.
To perform order tracking, a tachometer signal is measured simultaneously with the vibration
signal. However, in this work the feasibility of not using a tachometer and instead resort to tacho21 / 78
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less order tracking is explored. In this way, there is no need to fit an encoder or another type of
tachometer in the axle box, so that the monitoring system is simpler, less expensive and easier
to install on already existing wagons. The proposed approach for tacho-less order tracking
exploits a coarse estimation of the axle’s angular speed which is obtained from an approximate
estimate of the wagon speed from the cross-correlation of the axle-box acceleration in vertical
direction. This is used as a starting point for a finer estimation of the angular speed which is
obtained by tracking the maxima of a spectrogram of the axle-box acceleration.
The procedure is illustrated in Figure 11 and can be described as follows:
1. Acquisition of axle-box acceleration signals on the two axles of the bogie;
2. Low-pass filtering of the signals with a cut-off frequency of 100 Hz;
3. Estimation of the delay between the filtered vertical acceleration signals measured on
the leading and trailing wheelset on the same side of the bogie;
4. Estimation of wagon speed using the estimated delay time from step 3 and the known
distance between the axles;
5. Coarse estimation of the axle’s angular speed using the estimated speed of the wagon
and the nominal radius of the wheel;
6. Calculation of the spectrogram of the filtered acceleration signal at one axle-box of the
wheelset being monitored;
7. Accurate estimation of the axle’s angular speed by tracking in time a maximum of the
spectrogram obtained at point 6;
8. Re-sampling of the signal from the time domain to the angle domain using the estimated
angular speed from step 7 and averaging to minimise the effect of noise and nonsynchronous disturbance such as axle vibration caused by track irregularity.

Figure 11 – Procedure for order tracking of the axle-box acceleration signals and extraction of nxRev
harmonics

In the following, an example of application of the technique is provided. Given that obviously no
measured signal from a wagon / vehicle with cracked axle was available, a signal suitable for
assessing the performance of the proposed technique was obtained. This was obtained by superimposing a measured signal of axle-box acceleration from an on track test performed on a railway
vehicle and the additional vibration which would be caused by a crack in the axle. This second
part of the signal was obtained from the multi-body model of the wagon with one cracked axle
described in Section 2.2.2., considering the time history of the axle’s angular speed measured in
the on-track test. Different sizes of the crack were considered from 0% (no crack) to 50% (crack
size corresponding to one half of the total resisting area of the axle’s section).
Figure 12 shows the time history of the un-filtered axle-box accelerations, while Figure 13 shows
the time history of the axle bending component obtained from the multi-body model, representing
the effect of a crack with size 35% of the total resisting area. It is worth noting that the amplitude
of axle vibration in Figure 13 is changing in time due to the varying angular speed of the axle. It
is also worth noting that the magnitude of the additional vibration produced by the crack is at least
two orders of magnitude lower than the magnitude of the measured axle-box acceleration.
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Figure 12 – Time histories of the axle-box acceleration measured on the front and rear wheelsets of a bogie
in a line test

Figure 13 – Simulated vertical acceleration signal of axle with 35% crack obtained from the model described
in Section 2.2.2

Figure 14 compares the speed profile measured from the line test and the one identified according
to the procedure described previously in this Section, a good agreement is observed.
Finally, Figure 15 shows the trend with crack size of the first three nxRev harmonics of vertical
and horizontal acceleration signals after using the proposed tacho-less de-noising technique.
These results show a clear trend of growth of the 2xRev and 3xRev components of the signals
obtained from both the vertical and horizontal acceleration component. This is different from what
was concluded in Section 2.2.2 and is due to the fact that in the on-track measurement used here,
the wheels had no significant out-of-roundness. Anyway, the results show that the de-noising
technique proposed is fully capable of removing the effect of non-synchronous disturbance and
noise, leading to a clear identification of the trend of nxRev vibration with the amplitude of the
crack, thus enabling the detection of the crack.
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Figure 14 – Comparison of measured and estimates vehicle speed

Figure 15 – Trends with crack size of the first three nxRev harmonics of vertical and horizontal acceleration
signals after using the proposed tacho-less de-noising technique.

2.3 Conclusions on the structural health monitoring of railway axles
This section summarises the main finding of INNOWAG activities aimed at exploring the
possibility to detect the presence of a crack in a railway axle based on acceleration measurements
taken on the axle boxes or at the ends of the axle. A suitable hardware set-up was defined (see
Section 2.2.1) and a data processing technique was established to treat acceleration
measurements. This technique is based on the extraction from the signal of the nxRev harmonic
components supported by tacho-less order tracking in case of non-stationary signals arising from
non-uniform speed of rotation of the axle.
Numerical experiments performed using the numerical models described in Section 2.2.2 showed
that the presence of the crack can be detected in a more reliable and accurate way considering
the longitudinal component of axle box vibration instead of the vertical component. This is due to
the longitudinal component of axle box vibration being far less affected by disturbance effects
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synchronous to axle rotation, particularly wheel out-of-roundness, whilst the effect of nonsynchronous disturbances (e.g. track irregularity) can be efficiently filtered out by proper
averaging. The numerical experiments also showed that the use of methods for outlier detection
like the Mahalanobis distance allow detection of cracks having relatively small size, in the range
of 4% of the axle cross sectional area. This means the crack can be detected when it is still far
from reaching the critical size that would produce the catastrophic failure of the axle. Therefore,
the SHM method is expected to enable the detection of defects and the removal of the axle from
service to avoid dangerous in-service failures. Yet, the minimum detectable size of the crack is
significantly larger than the one which can be detected by using current NDT inspection methods,
so the SHM method proposed here is not meant to avoid completely NDT inspections, but rather
to be part of a new strategy for SHM of the axle, reducing the effort spent on NDT inspections
and providing continuous health monitoring as a means to avoid in-service failures of axles that
may occasionally occur with the SHM strategy presently in use. If experience with the
implementation of the proposed new SHM method proved that it could reliably detect all types
and locations of axle crack before they reach critical size, then there is potential that the frequency
types of NDT could be reviewed in the future. Whilst the SHM method is less sensitive than the
NDT method, it is carried automatically out much more regularly, therefore there is a potential
(subject to verification) that it could reliably detect defects in the period between the defect size
exceeding the detection threshold and reaching critical size. If so it could be used to ensure the
safe operation of the axle, thus enabling the disruptive manual inspection requirements to be
reduced, although this would be dependant of verification of the capability of the system based
on operational experience and full consideration of the safety and regulatory factors.
In order to fully demonstrate the suitability of the method proposed here to detect axle cracks and
also in order to achieve a robust conclusion on the minimum size of the detectable defect, an
experimental test on a vehicle having one cracked wheelset should be performed. This is very
difficult to arrange as an on-track test but can be done on a roller rig under controlled conditions
as in this case safety issues could be avoided or appropriately mitigated.
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3. Monitoring of primary suspension
The activities carried out in Task 4.1 outlined failures in suspension components and particularly
“broken helical coil spring” as being highly relevant to the reliability of the Y25 bogie and having
a big impact on the bogie’s total life cycle cost. Therefore, in deliverable D4.1 the bogie’s primary
suspension was selected as one of the candidates for the implementation of predictive
maintenance.
In this section, a method for the monitoring of the bogie’s primary suspension is presented, which
can serve as a starting point for the implementation of predictive maintenance of bogie’s
suspensions. Given that condition monitoring measurements in the presence of known failures of
the suspension were not available, the monitoring method was assessed using numerical
experiments based on a multi-body model of a wagon with one faulty primary suspension element.

3.1 Simulation of different suspension fault modes using Multi-Body models
A multi-body model of a wagon with faulty primary suspension was developed using software
ADTreS, which is POLIM’s in-house software for the simulation of railway vehicle dynamics.
ADTreS is the Italian acronym for “dynamic analysis of train-track interaction”.
The model of the wagon is based on the use of rigid bodies to represent the wagon body, two
bogie frames and four wheelsets. The primary suspensions and the connection of the bogies to
the wagon body is represented by means of non-linear springs and dry friction dampers.
Wheel/rail contact forces are considered using a fully non-linear wheel/rail contact module taking
into account the actual shape of the wheel and rail profiles and the non-linear creepage-creep
force relationship. More details on the modelling of railway vehicles in this software are provided
in references [6], [10].
Two main types of fault were modelled in this work, see Figure 16:
-

Type A: failure of one coil spring in one primary suspension (one bogie corner);
Type B: failure of the dry friction damper in one primary suspension (one bogie corner);
Rear outer

Front outer

Rear inner

Front inner

Figure 16 – The primary suspension of the Y25 bogie (left) and its mathematical model (right)

3.1.1

Modelling of fault type A

The failure of one coil spring in the primary suspension is modelled as a change in the vertical
stiffness of the spring element connecting the axle box to the bogie frame in one corner of the
bogie. Given that the change in stiffness implies a re-distribution of the static forces transmitted
by the coil springs, the threshold force at which sliding takes place in the friction element is also
affected.
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The changes in the parameters of the suspension are different depending on whether the failure
takes place in the “front outer”, “front inner”, “rear outer” or “rear inner” coil spring, see Figure 16
left. The parameters of the suspension also depend on the axle load. In this work, two extreme
conditions were considered:
-

vehicle in full-load condition (carbody mass 80.60t )
vehicle in tare condition (carbody mass 6.86t).

Table 1 shows the values of the stiffness (Kz) and sliding force (Fs) parameters for the vehicle in
full-load condition when the fault takes place at each one of the coil springs shown in Figure 16
and for different types of fault, i.e.:
-

broken spring, the stiffness of the single spring is set to 0;
spring stiffness reduced to 50%;
spring stiffness increased to 150%;
spring stiffness increased to 200%;

Fault cases consisting of an increased value of spring stiffness are intended to represent failure
modes leading to an improper increase of the suspension stiffness, e.g. the spring or slider getting
stuck to some extent.
The nominal values of the parameters for the suspension in healthy condition of the primary
suspension are Kz = 2.56 MN/m and Fs = 16.51 kN.

0% (broken)

Font outer

Front inner

Rear outer

Rear inner

50%

150%

200%

𝐾𝑧 =2.06MN/m

𝐾𝑧 =2.31 MN/m

𝐾𝑧 =2.81 MN/m

𝐾𝑧 =3.06 MN/m

𝐹𝑠 = 22.33kN

𝐹𝑠 = 19.10kN

𝐹𝑠 = 14.38kN

𝐹𝑠 = 12.60kN

𝐾𝑧 =1.78 MN/m

𝐾𝑧 =2.17 MN/m

𝐾𝑧 =2.95 MN/m

𝐾𝑧 = 3.34 MN/m

𝐹𝑠 =21.65kN

𝐹𝑠 = 18.62kN

𝐹𝑠 =14.96kN

𝐹𝑠 =13.77kN

𝐾𝑧 =2.06 MN/m

𝐾𝑧 =2.31 MN/m

𝐾𝑧 =2.81MN/m

𝐾𝑧 =3.06 MN/m

𝐹𝑠 = 10.69kN

𝐹𝑠 = 13.92kN

𝐹𝑠 = 18.64kN

𝐹𝑠 = 20.42kN

𝐾𝑧 =1.78MN/m

𝐾𝑧 =2.17 MN/m

𝐾𝑧 =2.95 MN/m

𝐾𝑧 =3.34 MN/m

𝐹𝑠 = 11.37kN

𝐹𝑠 = 14.40kN

𝐹𝑠 = 18.06kN

𝐹𝑠 = 19.25kN

Table 1 – Parameters of the primary suspension for different Type A faults for the full-load condition (the
values of the parameters in the healthy condition are K z = 2.56 MN/m and Fs = 16.51 kN).
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Table 2 shows the values of the stiffness (Kz) and sliding force (Fs) parameters for the case with
vehicle in tare condition when the fault takes place at the outer front and outer rear coil springs
shown in Figure 16, for the same types of fault considered in Table 1.

Front outer

Rear outer

0% (broken)

50%

150%

200%

𝑲𝒛 = 0.50 MN/m

𝐾𝑧 = 0.75 MN/m

𝐾𝑧 = 1.25 MN/m

𝐾𝑧 = 1.50 MN/m

𝑭𝒔 = 4.23 kN

𝐹𝑠 = 2.82 kN

𝐹𝑠 = 1.69 kN

𝐹𝑠 = 1.41 kN

𝑲𝒛 =0.50MN/m

𝐾𝑧 =0.75 MN/m

𝐾𝑧 =1.25MN/m

𝐾𝑧 =1.50 MN/m

𝑭𝒔 = 0. kN

𝐹𝑠 = 1.41kN

𝐹𝑠 = 2.54 kN

𝐹𝑠 = 2.82 kN

Table 2 – Parameters of the primary suspension for different Type A faults for the tare condition (the
values of the parameters in the healthy condition are K z = 1.0 MN/m and Fs = 2.12 kN).

As shown in Figure 16 on the front, the inner springs are mounted with a gap between the top of
the spring and the bogie frame and enter in contact with the bogie frame only when the vertical
load on the suspension exceeds a threshold and compresses the outer spring sufficiently. In tare
condition the load on the suspension is too low and the two inner springs do not come in contact
with the bogie frame and do not participate to the total stiffness of the suspension. Therefore, in
this condition, the presence of a fault in the inner springs does not affect the behaviour of the
vehicle and consequently cannot be detected.
3.1.2

Modelling of fault type B

The failure of the dry friction damper in one corner of the bogie is modelled as a change in the
threshold force Fs at which sliding takes place in the friction element, with no effect on the stiffness
of the suspension. Table 3 shows the values of the Fs parameter for different types of fault, i.e.:
-

friction reduced to 50%;
friction reduced to 75%;
friction increased to 125%;
friction increased to 150%;

The values of the threshold force Fs for the suspension in healthy condition is Fs = 22.33 kN for
the wagon in full-load condition and Fs = 2.12 kN for the wagon in tare load condition respectively.
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Full load (Car-body mass: 80.60t)

50%

Threshold force Fs

75%

𝐹𝑠 = 11.6 kN

𝐹𝑠 = 16.74kN

125%

150%

𝐹𝑠 = 27.91kN

𝐹𝑠 = 33.49kN

Tare load (Car-body mass: 6.86t)

Threshold force Fs

𝐹𝑠 = 1.06 kN

𝐹𝑠 = 1.59kN

𝐹𝑠 = 2.65kN

𝐹𝑠 = 3.18kN

Table 3 – Values of the maximum sliding force for different Type B faults and for the wagon in full-load
and tare condition

3.2 Fault detection algorithm
Considering the relatively low economic value of one freight wagon, fault detection has to be
based on a simple algorithm, requiring a simple measuring and data processing system.
Considering different methods proposed in the scientific literature (see [11] for a recent review
of the State-of-Art), the use of cross-correlation between acceleration signals measured at
different locations in the bogie frame appears as the best suited fault detection method in terms
of achieving a good compromise between the measuring / processing effort required and the
performance in terms of accuracy and reliability of fault detection.
The principle of the method is that the modes of vibration of a bogie with healthy suspensions
are symmetric, due to uniform behaviour of the primary suspensions at the four corners of the
bogie. Therefore, if the vibration of the body is excited by uncorrelated random irregularity from
the left and right rails, the correlation between different components of bogie frame acceleration,
e.g. bounce vs. roll or pitch vs. roll will be low. When a failure occurs at one corner, the
symmetry of the modes of vibration is perturbed, resulting in a coupling of bounce, roll and pitch
components of motion which can be detected from an increase of the cross-correlation between
the acceleration signals for these components of bogie vibration.
A schematic representation of the method is shown in Figure 17. Three mono-axial
accelerometers (numbered from 1 to 3 in the figure) are mounted at three corners of the bogie
frame, to measure the vertical acceleration of the bogie frame over the axle-boxes. The vertical
acceleration signals are converted into the bounce, pitch and roll acceleration components for
the bogie frame (aB, aP and aR respectively) according to the kinematics of a rigid body:
𝑎2 + 𝑎3
2
𝑎1 − 𝑎3
𝑎𝑃 =
2𝑙

𝑎𝐵 =
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𝑎𝑅 =

𝑎1 − 𝑎2
2𝑏

where 2l is the bogie wheelbase and 2b is the axle box gauge. Finally, the cross-correlation
between bounce and roll acceleration CBR and between pitch and roll acceleration CPR are
evaluated:
𝑇

1 2
𝐶𝐵𝑅 (𝜏) = ∫ 𝑎𝐵 (𝑡)𝑎𝑅 (𝑡 − 𝜏)𝑑𝑡
𝑇 −𝑇
2

𝑇

1 2
𝐶𝑃𝑅 (𝜏) = ∫ 𝑎𝑃 (𝑡)𝑎𝑅 (𝑡 − 𝜏)𝑑𝑡
𝑇 −𝑇
2

To diagnose faults in the suspensions, four fault indicators are computed.
The first two indicators are based on the standard deviation of the cross correlation between the
acceleration signals low pass filtered at 10 Hz:
-

Indicator 1: Standard deviation of the cross correlation between bounce and roll
accelerations for time delay -10 s  τ  +10 s;
Indicator 2: Standard deviation of the cross correlation between pitch and roll
accelerations for time delay -10 s  τ  +10 s.

The indicators 3 and 4 are both based on the value of the cross correlation between pitch and
roll at zero-time delay, considering two different types of filters:
-

Indicator 3: Value at time delay τ=0 of the cross correlation between pitch and roll
accelerations low pass filtered at 10 Hz;
Indicator 4: Value at time delay τ=0 of the cross correlation between pitch and roll
accelerations without low pass filter;

Figure 17 – Schematic representation of the signal processing technique for the detection of faults in the
primary suspensions.

3.3 Results of numerical experiments
Numerical experiments were run to cover different combinations of faults (namely, fault types A
and B as described in Sections 3.1.1 and 3.1.2) and of loading conditions for the wagon (full load
and tare load condition). The results are described below for the different cases considered.
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3.3.1

Results for fault type A – vehicle in full load condition

Figure 18 shows the value of the four fault indicators defined in Section 3.2 for different degrees
of severity of a fault of type A occurring in the rear outer spring of the primary suspension, when
the vehicle is in the full-load condition. It is confirmed that all four indicators have a minimum
absolute value when the suspension is in the nominal condition (stiffness is 100% of the nominal
value) whilst the absolute values of all indicators increase when a deviation of the spring stiffness
is applied in the numerical experiment, either decreasing or increasing the stiffness parameter.
In principle, all 4 indicators appear suitable for the detection of the fault considered, but indicators
2 and 4 show more clearly the presence of a fault.
Similar numerical experiments were performed considering a fault happening in the rear inner,
front outer and front inner springs of the primary suspensions, leading to the same conclusions
as in the case presented below. The results of these additional cases are not shown for the sake
of brevity but are considered in a summary table (Table 4) reported at the end of this section.
Rear outer
Front outer

Rear inner

Front inner

Figure 18 – Fault indicators 1 to 4 for a fault in the rear outer coil spring (type A) and vehicle in full load
condition

3.3.2

Results for fault type A – vehicle in tare load condition

Figure 19 shows the value of the four fault indicators defined in Section 3.2 for different degrees
of severity of a fault of type A occurring in the rear outer spring of the primary suspension, when
the vehicle is in the tare load condition. In this case the indication is much less clear than in the
case of the full load condition, probably because the effect of spring fault on the energy dissipated
by the dry friction damper is less relevant than in the full-load case. The only indicator that shows
a clear trend with the change of stiffness in the faulty spring is Indicator 3. Similar results are
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obtained when the fault is simulated in the front outer spring, again with the wagon in the tare
load condition.
It is concluded that the identification of a Type A fault in primary suspension based on the
examination of cross-correlation based indicators is less effective and reliable when the vehicle
is in the tare load condition compared to the case of full load condition.

Rear outer
Front outer

Rear inner

Front inner

Figure 19 – Fault indicators 1 to 4 for a fault in the rear outer coil spring (type A) and vehicle in tare load
condition

3.3.3

Results for fault type B – vehicle in full-load condition

Figure 20 shows the value of the four fault indicators for a fault occurring in the friction element
of the primary suspension (fault type B), with the vehicle in the full load condition. In this case, a
clear indication of the fault is obtained from all indicators except indicator 3.
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Figure 20 – Fault indicators 1 to 4 for a fault in the dry friction element (type B) and vehicle in full load
condition

3.3.4

Results for fault type B – vehicle in tare load condition

Figure 21 shows the value of the four fault indicators for a fault occurring in the friction element
of the primary suspension (fault type B), with the vehicle in the tare load condition. Similarly, to
the case of a type A fault occurring with the vehicle in tare load condition, the only indicator that
provides a clear trend with the occurrence of the fault is Indicator 3.

Figure 21 – Fault indicators 1 to 4 for a fault in the dry friction element (type B) and vehicle in tare load
condition
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3.3.5

Summary of results of numerical experiments

The results of all numerical experiments performed are summarised in Table 4 below. When the
vehicle is in the full load condition, the detection of faults in the primary coil springs can be
performed based on the examination of any of the four indicators (with the exception of a fault
happening in the front inner spring, which cannot be identified based on the examination of
indicator 1). When the wagon is in the tare load condition, the detection of a fault in the springs is
possible only based on the examination of indicator 3.
As far as faults in the friction elements are concerned (type B faults) all indicators except indicator
3 can be used when the vehicle is in the full load condition, whilst only indicator 3 can be used
when the vehicle is in the tare load condition.
In conclusion, the detection of faults in primary suspensions appears to be more easily achievable
when the vehicle is in full-load condition. In this case, the examination of multiple fault indicators
can be used to confirm the actual presence of a fault avoiding false alarms. When the wagon is
in tare condition, only one indicator (indicator 3) provides useful information.
The results show that the method for detecting suspension faults described here could potentially
be used to detect in service failures and remove the vehicle from service for inspection and
maintenance. The method shows promise as a potential method for monitoring the primary
suspension systems of wagons, which could enable the inspection requirements for these
components, and therefore LCCs, to be reduced. However the method would have to be verified
in full scale testing (with calibration of the intervention thresholds), and a comprehensive review
of the safety implications, before any inspection requirements were modified. This could be done
without affecting safety by running the system in parallel with the current inspection and
maintenance safety regimes in order to collect the necessary data.

Front outer
Front inner
Rear outer
Rear inner
Front outer
Rear inner

Table 4 – Summary of the results of numerical experiments for identification of faults in primary
suspensions.
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4. Wheel flats
In the deliverable D4.1, wheel flats were identified as one of the most critical defects which ocur
on rail freight vehicles. A wheel flat occurs when a wheel locks and slides over the rail, regardless
of the vehicle type. On locomotives and passenger vehicles, wheel flats can generally be
prevented by slide protection systems. The slide protection system detects the presence of sliding
by comparing the driving speed with the measured rotation speed of the axle. Once sliding is
recognized, the brake pressure in the brake cylinder is then reduced either by venting pulses or
by blocking the compressed air supply, so that the braking force acting on the wheel will be
adjusted.
Freight wagons usually do not have slide protection systems, and do not have the same braking
distances as passenger trains. Since they operate at a lower maximum speed than passenger
trains, they are equipped with brake systems with lower braking power relative to their mass. In
addition, the braking force is adjusted according to the load weight either by a graduated valves
(by weighing valves) or with two position valves (with the positions empty or loaded). However,
this cannot prevent sliding effectively so that freight wagons are more likely to suffer from wheel
flats than passenger vehicles, moreover, failures of brake systems could also lead to sliding and
consequently wheel flats.
In practice, operators / wagon holders usually do not usually notice that their wagons are suffering
from wheel flats until visual inspections are carried out, according to the General Contract for
Usage of wagons (GCU) [12], the decisive criterion is the size of the wheel flat. Maintenance
measures have to be taken when the flat length exceeds 60 mm, for wheel sizes greater than 840
mm, since a large flat on the wheel running surface could cause safety issues such as derailment.
Small flats are commonly neglected, although they can result in non-negligible negative effects
such as periodic large impacts on wagons as well as track and pulse-shaped noises.
Small wheel flats could be worn down by tread braking with cast iron blocks. Due to noise
reduction policy, wagon holders are replacing cast iron blocks with composite ones in recent years
particularly in Germany and Switzerland where the operation of noisy wagons will be forbidden
from 2020 according to the current planning of the legislature. In this sense, the issues of wheel
surface defects such as wheel flats will be more critical. Therefore, this section focuses on the
development of the algorithms that can be applied on an on-board monitoring system to
automatically detect wheel flats, regardless of the flat size. The early detection of defects such as
wheel flats will enable optimisation of maintenance planning.

4.1 Task objectives
A numbers of research programs have been carried out focused on wheel flat detection by
processing axlebox accelerations, based on these previous studies and the current state of
telematics and sensor applications in rail freight transport, the objectives of this task are as follows:
1. Detect wheel flats using carbody accelerations.
Nowadays, more and more freight wagons are equipped with telematics devices that are usually
placed on the superstructure of the wagon. For instance, DB Cargo will equip 19,000 freight
wagons with telematics devices and sensors by the end of 2018 and will equip the entire wagon
fleet of ca. 70,000 wagons by 2020 [13]. In addition to this, 60,000 freight wagons of VTG will be
equipped with the telematics devices VTG Connector by 2019 [14]. A typical telematics device
contains a 3-axle accelerometer for shock detection as well as a GPS module for tracking. That
means carbody accelerations can be obtained without any additional sensors, while vehicle speed
comes from the GPS module. This means that the developed algorithm for wheel flat detection
could easily be implemented in the existing telematics devices as an additional function, or similar
devices with increased functionality, and bring more benefits for operators and customers.
2. Distinguish different sizes of wheel flats
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As mentioned, 60 mm is the maintenance criterion of wheel flats for wheel sizes greater than 840
mm. Therefore, it is important to distinguish a wheel flat over 60 mm from a smaller one, to achieve
this additional acceleration sensors and speed sensors on axleboxes are required.

4.2 Overall Approach and state of the art
The method for wheel flat detection used in this task is based on machine learning approaches,
it is a classification problem in the area of machine learning. The condition-related physical
process data is obtained by sensors and processed into “features” that can represent the
condition of the measured object. Based on the labelled features, a classification model, i.e.
classifier, can be trained to predict the class of unlabelled data. In the context of wheel flat
detection, there could be only two classes, i.e. intact wheel or wheel with a flat, this refers to
binary classification. Alternatively, it could be a multiclass classification problem, in this case, the
classes can be defined as wheel flats with different sizes. Figure 22 presents the typical workflow
of the wheel flat detection program and the common methods of each step.

Figure 22 – Workflow of wheel flat detection

Since accelerations are most commonly used for wheel flat detection, the workflow starts with
signal processing of acceleration data. Time-domain analysis, frequency-domain analysis and
time-frequency analysis have been successfully applied to process raw vibration measurements
in previous studies, Table 5 summarises popular techniques for signal processing [11], [15].
Table 5 – Popular techniques for signal processing

Domain

Techniques
Time synchronous average
Autoregressive model
Time

Autoregressive moving average model
Pseudo-phase portrait
Correlation dimension
Consensus principle component
Spectrum analysis (Fast Fourier transform)
Envelope analysis (Hilbert transform)

Frequency

Cepstrum analysis (inverse Fourier transform of the logarithmic power
spectrum)
High-order spectrum (i.e. bispectrum or trispectrum)
Holospectrum
Short time Fourier transform

Time– frequency

Wigner-Ville distribution
Wavelet transform
Hilbert-Huang Transform

A feature is a specific representation of raw data, depending on the signal processing performed
a number of features can be generated from a single dataset. Common statistical features are
root mean square (RMS), peak-to-peak, crest factor, kurtosis and skew [16], that are usually
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applied on the filtered or raw data in time domain. In the frequency domain, features could be
peak frequencies in the frequency spectrum. Similar features can be extracted from the envelope
spectrum, cepstrum, etc. In case of wavelet transform and Hilbert-Huang transform, the original
signal is decomposed for feature construction at the different levels of the multiscale
decomposition.
Once the feature matrix is created and categorized in classes, a classifier can be trained for
automatic fault detection, the techniques used in recent literatures of failure type detection and
predictive maintenance are introduced in [17].
The performance of the trained classifier should be tested by feeding test datasets, the accuracy
of classification is used to assess the classifier. Since the condition monitoring solutions have not
been applied in normal operation of rail freight transport, a commonly accepted benchmark does
not exist, therefore the classification results in this task will be compared to the results of the
similar research in published scientific papers.

4.3 Simulation and field tests
As accelerations have been chosen for wheel flat detection, it is necessary to investigate how the
flat size affects the acceleration signals measured and if there are other factors affecting
acceleration signals. For this purpose, a multibody simulation (MBS) model is created in the
commercial software SIMPACK 9.10 to simulate a freight wagon, which has a flat with a defined
size on one wheel, running at a defined speed. Figure 23 shows the wagon model with Y25 bogie
and a simulated wheel flat, which is modelled on the right wheel of the first wheelset. It is
implemented by using the untrueness modelling capability of SIMPACK, a set of input functions
has been generated to describe the wheel flat length. The wheel and rail profiles adopted are
standard S1002 wheel profile and UIC60 E2 rail profile defined in SIMPACK, the rail cant is set
as 1/40, and the applied gauge is the European standard gauge 1435 mm. To make the simulation
more realistic, the track irregularity is introduced by using the power spectrum density of the
typical European spectrum (ERRI B176) available in SIMPACK.
The accelerations at the wheelset level and at the carbody level are obtained for the further
investigation. The investigated variables include axle load, stiffness and damping of the
suspension system, running speed, wheel diameter and flat size.
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Figure 23 – MBS model of a freight wagon with a wheel flat

It was found that wheel flats result in periodic impulses in the acceleration signal, Figure 24 shows
the axle box accelerations for different flat sizes and vehicle speeds, it shows that the amplitude
of the periodic impulses increases with growing vehicle speeds and flat sizes. According to the
simulation study on parameter variation effects, the flat size and the vehicle speed are the most
relevant parameters affecting the axle box accelerations, whereas axle load and suspension
parameters have only a negligible influence.

Figure 24 – Axle box acceleration signals for different sizes of wheel flats at different vehicle speeds: 30
km/h (a), 60 (b) km/h and 80 km/h (c).

In comparison to axle box accelerations, the impacts of wheel flats are not obvious in carbody
accelerations due to the effect of the suspension. It can be seen in Figure 25 that the peaks of
the carboy acceleration are around 1 m/s2, whereas the peaks of the axle box acceleration reach
almost 100 m/s2. The extreme low amplitudes of the carbody accelerations means that wheel flats
would be difficult to detect from carbody accelerations, since the impulses caused by wheel flats
could be hidden by ambient noise.
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Figure 25 – Comparison between carbody acceleration (top) and axle box acceleration (bottom) for a
wheel flat with the size of 60 mm at the speed of 60 km/h

Besides simulation data, three sets of field test data related to wheel flats were available for the
development of algorithms, this data was obtained by the project partner TUB in previous projects
and Table 6 gives an overview on the available data.
Table 6 – Field test data used for the algorithm development

Field test
(project)

Date

Data
length

Available data

Sample
frequency

Comments

LEILA

2006

4.8
hours

Axle box acceleration
aAB, running speed v

500 Hz for aAB,
1 Hz for v

A flat (more than
60 mm) occurs
during the test

CargoCBM 2010,
1&2
2012

1.5 +4.5
hours

Axle box acceleration
aAB, rotation speed f

5 kHz for aAB,
10 kHz for f

Data for Intact
wheel and 35 mm
wheel flat

ESZÜG

8 hours

Axle box acceleration
aAB, carbody acceleration
aCB, rotation speed f,
running speed v

5 kHz for aAB,
5 kHz for aCB,
5 kHz for f,
1 Hz for v

Data for 20 mm
synthetic wheel flat
and intact wheel

2016

In the ESZÜG project, funded by German Federal Ministry of Education and Research, a wheel
flat with the length of 20 mm was synthetically produced and a tank wagon equipped with this
“defective” wheelset. This wagon was operated in the normal operational conditions and
instrumented with the measurement system that measured accelerations at various positions on
axle boxes, bogie frame and carbody. The “defective” wheelset was replaced with an intact one
afterwards and the measurements performed again to generate a comparison data set.
In the CargoCBM project, funded by German Federal Ministry for Economic Affairs and Energy,
a wheel flat with the length of 35 mm was found that had occurred during the normal freight
operation. This “defective” wagon was then instrumented with an accelerometer on the axle box
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and a data logger for collecting wheel-flat data, a wagon in good condition was also measured to
collect data as a reference case.
In the LEILA project, a light and low noise bogie for freight wagons was developed and tested in
the operational conditions. During the field tests, a wheel flat with a length of over 60 mm occurred
coincidentally due to braking. Figure 26 shows an example of the axle box accelerations
measured in the ESZÜG, CargoCBM, and LEILA projects for wheels with 20 mm, 35 mm and 60
mm wheel flats respectively.

Figure 26 – Field test data of wheel flats with different sizes

4.4 Distinguish different sizes of wheel flats
As can be seen from Figure 24, the increase in the flat size results in an increase in the amplitude
of the impulses, this effect is more obvious when the wagon runs at high speeds as illustrated in
Figure 27. At low speeds such as 30 km/h in the graphic, the difference of the amplitude peaks
due to the variation of flat sizes is hardly noticeable. Based on these observations a proper speed
range for classification should be selected to avoid false classification. Suitable features should
be defined to reflect the changes in acceleration amplitudes due to different flat sizes, as shown
in Figure 27
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Figure 27 – Peak values corresponding to different flat sizes at different vehicle speeds

4.4.1

Basic theory

As shown in Figure 22, the first step in the work flow is to process accelerations and vehicle speed
data in order to extract suitable features for classification. To address this issue, the combination
of Ensemble Empirical Mode Decomposition (EEMD) and Linear Local Tangent Space Alignment
(LLTSA) method is proposed to extract the feature, in this case the wheel flat size from the axlebox
acceleration and vehicle speed data.
Empirical Mode Decomposition (EMD), proposed by [18], is a time-frequency signal processing
method that allows to self-adaptively decompose a non-linear and non-stationary signal into a set
of independent intrinsic mode functions (IMF) without defining a priori basis function as are Fourier
and wavelet transform. Each IMF indicates a simple oscillation mode with a physical meaning.
The definition and calculation steps of EMD are described as follows [19]:
(1) Identify all the local maximal of signal 𝑥(𝑡), and connect all the extrema by a cubic spline
line as the upper envelope 𝑚+ . Repeat the procedure on the local minima of signal 𝑥(𝑡) to
produce the lower envelope 𝑚− , and set the mean of 𝑚+ and 𝑚− as 𝑚1 :
(𝑚+ + 𝑚− )
(1)
𝑚1 =
2
(2) Designate the difference between the signals 𝑥(𝑡) and 𝑚1 as the first component, ℎ1 i.e.
(2)
ℎ1 = 𝑥(𝑡) − 𝑚1
If ℎ1 meets the IMF’s requirements given in [20], take it as the first IMF of 𝑥(𝑡). If it does not
satisfy the requirements, take it as the original signal and repeat the above steps until the
component ℎ1𝑘 meets the requirements of a strict IMF, and ℎ1𝑘 is regarded as the first IMF 𝑐1 :
𝑐1 = ℎ1𝑘

(3)

(3) Separate the first IMF 𝑐1 from the 𝑥(𝑡) by
𝑟1 = 𝑥(𝑡) − 𝑐1

(4)

(4) Treat the 𝑟1 as the original signal and subject it to the same above process. The
decomposition is stopped when 𝑟N is monotonous or lower than the predetermined value of
substantial consequence. Then, the other 𝑁 − 1 IMFs can be achieved, which satisfy
𝑟1 − 𝑐2 = 𝑟2
⋮
(5)
{
𝑟𝑁−1 − 𝑐𝑛 = 𝑟𝑁
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(5) By summing up Eq. (4) and Eq. (5), finally the signal 𝑥(𝑡) can be decomposed as
𝑁

𝑥(𝑡) = ∑ 𝑐𝑛 (𝑡) + 𝑟𝑁 (𝑡)

(6)

𝑛=1

Where 𝑟𝑁 (𝑡) is defined as the residence.
One shortcoming of EMD algorithm is the mode mixing, EEMD is proposed to alleviate the mode
mixing problem of EMD using white noise-assisted analysis method. The EEMD process of signal
𝑥(𝑡) can be briefly described as follows:
(1) Add white noise with a predefined amplitude to the original signal 𝑥(𝑡) to generate a new
signal.
(2) Use the EMD algorithm to decompose the new signal into several IMFs.
(3) Repeat the above two steps 𝑀 times with different white noise, where the amplitude of the
added white noise is fixed and 𝑀 is a positive integer presented.
(4) Calculate the ensemble means of the corresponding IMFs achieved in the above 𝑀
decomposition trials by
𝑀

1
𝑐̅𝑛 = ∑ 𝑐𝑛,𝑚
𝑀
𝑚=1
𝑀

(7)

1
𝑟̅𝑁 = ∑ 𝑟𝑁,𝑚
𝑀
{
𝑚=1
Where 𝑛 = 1, 2, … 𝑁, 𝑚 = 1, 2, … 𝑀; 𝑐̅𝑛 denotes the final nth IMF and 𝑟̅𝑁 denotes the final
residual signal. Finally, the original signal can be decomposed as
𝑁

𝑥(𝑡) = ∑ 𝑐̅𝑛 + 𝑟̅𝑁

(8)

𝑛=1

Manifold learning is a new dimensionality reduction tool. It can extract the intrinsic geometry
information of a high-dimensional dataset, i.e. to excavate the embedded low-dimensional
manifold hidden in the high-dimensional observation space without losing important information.
It performs well in dealing with non-linear or non-stationary signals and has therefore has attracted
a lot of attentions and has recently been applied in machinery fault diagnosis [21]. Currently,
classical manifold learning algorithms include ISOMAP, locally linear embedding (LLE), local
tangent space alignment (LTSA) [22], linear local tangent space alignment (LLTSA) [23], etc.
Among those algorithms, LLTSA can minimize the cost function of LTSA algorithm in a linear
manner, therefore, this work uses the LLTSA algorithm.
Suppose a high-dimensional dataset 𝐗 = {𝐱𝑖 ∈ 𝐑𝐷 , 𝑖 = 1, 2, … , 𝑁} , which is sampled from an
underlying manifold belonging to a lower dimensional feature space in 𝐑𝑑 , where 𝐷 and 𝑑(𝑑 < 𝐷)
are the dimensions of the high-dimensional input space and the lower dimensional feature space,
respectively. The dimensionality reduction problem of LLTSA then can be considered to find out
a projection matrix 𝐀 to map the high-dimensional dataset 𝐗 into a low-dimensional dataset 𝐘 =
{𝐲𝑖 ∈ 𝐑𝐷 , 𝑖 = 1, 2, … 𝑁} as
𝐘 = 𝐀T 𝐗𝐇𝑁

(11)

where 𝐇𝑁 = 𝐈 − 𝐞𝐞T ⁄𝑁 indicates the centering matrix, 𝐈 represents the identity matrix, and 𝐞
represents a column vector with all elements are equal to 1. The basic assumption of LLTSA is
that the local structure information in the neighborhood of each sample can be expressed by its
local tangent space. Thus, the local tangent spaces of all samples can be realigned in the global
low-dimensional feature space to construct the projection matrix from high-dimensional input
space to the low-dimensional feature space.
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In the LLTSA algorithm, the neighbourhood 𝐗 𝑖 = [𝐱𝑖1 , 𝐱𝑖2 , … , 𝐱𝑖𝑘 ] of sample point 𝐱𝑖 , (𝑖 =
1,2, … , 𝑁) is constructed according to the Euclidean distance between samples, where 𝑘 denotes
the number of the nearest neighbors. Then, a local transformation matrix 𝐐𝑖 is needed to map the
neighborhood 𝐗 𝑖 to the local low-dimensional tangent space. Therefore, the local structure of the
neighborhood of sample point 𝐱𝑖 can be approximately expressed as
𝑘

arg min ∑‖𝐱𝑖𝑗 − (𝐱 + 𝐐𝑖 𝛉𝑖𝑗 )‖
𝐱,𝚯,𝐐

𝑗=1

2
2

(12)

𝑘

= arg min ∑‖𝐗 𝑖 𝐇𝑘 − 𝐐𝑖 𝚯𝑖 ‖22
𝚯,𝐐

𝑗=1

In Eq. 12, 𝛉𝑖𝑗 denotes the local low-dimensional representation of the nearest neighbor 𝑥𝑖𝑗 ,
𝚯𝑖 = [𝛉𝑖1 , 𝛉𝑖2 , … , 𝛉𝑖𝑘 ] represents the local low-dimensional representation of 𝐗 𝑖 , and 𝐇𝑘 =
𝐈 − 𝐞𝐞T ⁄𝑘 is the centering matrix. Obviously, the optimal 𝐱 can be given by the average value of
all 𝐱𝑖𝑗 , and the optimal transformation matrix 𝐐𝑖 can be given by the 𝑑 eigenvectors of covariance
matrix (𝐗 𝑖 𝐇𝑘 )(𝐗 𝑖 𝐇𝑘 )𝑇 corresponding to its maximal eigenvalues. Therefore, 𝚯𝑖 can be calculated
through 𝚯𝑖 = 𝐐T𝑖 𝐗 𝑖 𝐇𝑘 . Therefore, it can be considered that LLTSA performs a local Principal
Component Analysis (PCA) on 𝐗 𝑖 to approximate the local structure in the neighbourhood.
After obtaining the local structure, the local tangential spaces of all samples are rearranged in the
global low-dimensional feature space to obtain the global low-dimensional representation 𝐘 of 𝐗.
The selection matrix is 𝐒 = [𝐒1 , 𝐒2 , … , 𝐒𝑁 ] among which 𝐒𝑖 , (𝑖 = 1,2, … , 𝑁) is a 0 − 1 selection
vector, so that 𝐘𝑖 = 𝐘𝐒𝑖 in which 𝐘𝑖 = [𝐲𝑖1 , 𝐲𝑖2 … , 𝐲𝑖𝑘 ] is the global low-dimensional representation
of 𝐗𝑗 .The objective function of this step can be converted into the following minimum problem:
𝑁

𝑁

arg min ∑‖𝐄𝑖
𝐘

𝑖=1

‖2

= arg min ∑‖𝐘𝑖 𝐇𝑘 − 𝐋𝑖 𝚯𝑖 ‖2
𝐘

𝑖=1

(13)

= arg min‖𝐘𝐒𝐖‖22
𝒀

= arg min 𝑡𝑟(𝐘𝐒𝐖𝐖 T 𝐒 T 𝐘 T )
𝐘

where 𝐋𝑖 denotes a global transformation matrix and the optimal 𝐋𝑖 is given by 𝐋𝑖 = 𝐘𝑖 𝐇𝑘 𝚯†𝑖 , in
which 𝚯†𝑖 is the Moore-Penrose generalized inverse of 𝚯𝑖 ; 𝐖 = 𝑑𝑖𝑎𝑔(𝐖1 , 𝐖2 , … , 𝐖𝑁 ), where 𝐖𝑖
is given by 𝐖𝑖 = 𝐇𝑘 (𝐈 − 𝚯𝑖 𝚯T𝑖 ). Taking the objective of LLTSA in Eq. 11 into account, Eq. 13 can
be converted to
{

arg min 𝑡𝑟(𝐀T 𝐗𝐇𝑁 𝐁𝐇𝑁 𝐗 T 𝐀)
𝐀T 𝐗𝐇𝑁 𝐁𝐇𝑁 𝐗 T 𝐀 = 𝐈𝑑

(14)

where 𝐁 = 𝐒𝐖𝐖 T 𝐒T . 𝐀T 𝐗𝐇𝑁 𝐁𝐇𝑁 𝐗 T 𝐀 = 𝐈𝑑 is applied to uniquely determine 𝐘 . Finally, the
solution of Eq. 12 can be transformed into a generalized eigenvalue problem as
𝐀𝐓 𝐗𝐇𝑵 𝐁𝐇𝑵 𝐗 𝐓 𝛂 = 𝝀𝐗𝐇𝑵 𝐗 𝐓 𝛂

(15)

Obviously, the transformation matrix 𝐀 can be given by the d eigenvectors 𝛂1 , 𝛂2 , … , 𝛂𝑑
corresponding to the eigenvectors 𝜆1 ≤ 𝜆2 ≤ ⋯ ≤ 𝜆𝑑 of Eq. 15. That is to say 𝐀 = 𝛂1 , 𝛂2 , … , 𝛂𝑑 .
4.4.2

Experiments on simulation data

Firstly, the EEMD-LLTSA method has been tested on data generated by multibody simulations,
at the first step, the raw signal is decomposed into several IMFs by using EEMD. Figure 28
presents the IMFs at different levels for signals generated from models with wheel flats of different
sizes. The first six IMFs are used for feature generation, since IMF7, IMF8 and the residual signal
r contain little information. The energy of IMF1 - IMF6 is defined as the features that represent
the raw acceleration signal. That means a (1 x 6)-feature matrix is generated for each data
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sample. In addition, the data label (e.g. 20 mm, 35 mm, 60mm) is added as a last column for
denoting the class of this data sample. For n data samples, a (n x 7)-feature table is finally
obtained for the further supervised classification. In a second step, LLTSA is applied on the
aforementioned feature table to reduce six features to three features, so that each sample has
three normalised features. Figure 29 plots the LLTSA features of data samples for different flat
sizes at different speeds. It can be seen that the samples of related to different flat sizes can be
separated from each other.

Figure 28 – EEMD results for different sizes of wheel flats (20 𝑚𝑚, 35 𝑚𝑚 and 60 𝑚𝑚) at vehicle speed 30 𝑘𝑚/ℎ.

Figure 29 – Results of EEMD-LLTSA: 30 𝑘𝑚/ℎ (a), 60 𝑘𝑚/ℎ (b) and 80 𝑘𝑚/ℎ (c).

Finally, least squares support vector machine (LSSVM) is applied on the reduced feature table to
train a classification model. The trained model, i.e. classifier, can be used to automatically classify
the size of a wheel flat. The detailed information of the training and testing samples are listed in
Table 7. The test results are shown in Figure 30 (a). In addition, the EEMD-LLTSA method is
compared with the methods that use peak values and root mean square (RMS) values as
features, shown in Figure 30 (b) and Figure 30 (c) respectively. The comparison of the results
shows that the EEMD-LLTSA method has the highest classification accuracy especially when the
vehicle runs at low speeds.
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Table 7 – Detailed description of experimental data for different detects.
Vehicle speed

Defect
(mm)

30 𝑘𝑚/ℎ

60 𝑘𝑚/ℎ

80 𝑘𝑚/ℎ

size

The number of
training
samples

The number of
testing
samples

Label
of
classification

20

20

20

-1

35

20

20

0

60

20

20

1

20

20

20

-1

35

20

20

0

60

20

20

1

20

20

20

-1

35

20

20

0

60

20

20

1

Figure 30 – LSSVM prediction results at different vehicle speeds by using different methods: EEMD-LLTSA
(a), peak value method (b) and RMS method (c), whereas the label 1, 0 and -1 represent that the wheel flat
sizes are 20 𝑚𝑚, 35 𝑚𝑚 and 60 𝑚𝑚, respectively.

4.4.3

Experiments on measurement data

Furthermore, the field test data introduced in Section 4.3 is used to test the performance of the
proposed EEMD-LLTSA method. The data samples are randomly generated from the raw
continuous acceleration signals with a time windows of 𝑡 = 2 𝑠, described in Table 8, although it
should be noted that the wheel flat with length 35 mm was not operated in the 80-90km/h speed
range during the test. The raw signals and EEMD-LLTSA results for different flat sizes at different
speed ranges are presented in Figure 31, Figure 32 and Figure 33. Obviously, the EEMD-LLTSA
method can separate those different wheel flats at different vehicle speeds. As mentioned,
LSSVM is used for classification, Figure 34 illustrates the classification results, while Table 9
shows the classification accuracy. In general, the proposed method has achieved good
performance to identify wheel flats and distinguish the flat size, especially at vehicle speeds above
25 𝑘𝑚/ℎ, at lower speeds, the effect of the flat size can hardly be observed.
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Table 8 – Description of experimental data for different detects
Vehicle
speed

Defect
(mm)

25~35 𝑘𝑚/ℎ

55~65 𝑘𝑚/ℎ

80~90 𝑘𝑚/ℎ

size

The number
of
training
samples

The number
of
testing
samples

Label
of
classification

0

35

35

1

20

30

30

2

35

30

30

3

60

30

30

4

0

40

40

1

20

30

30

2

35

50

50

3

60

45

45

4

0

30

30

1

20

35

35

2

35

xx

xx

xx

60

50

50

4

Figure 31 – Axle box acceleration signals for different sizes of wheel flats (0 𝑚𝑚, 20 𝑚𝑚, 35 𝑚𝑚 and 60
𝑚𝑚) at vehicle speed 25~35 𝑘𝑚/ℎ (a), and its EEMD-LLTSA result (b).
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Figure 32 – Axle box acceleration signals for different sizes of wheel flats (0 𝑚𝑚, 20 𝑚𝑚, 35 𝑚𝑚 and 60
𝑚𝑚) at vehicle speed 55~65 𝑘𝑚/ℎ (a), and its EEMD-LLTSA result (b).

Figure 33 – Axle box acceleration signals for different sizes of wheel flats (0 𝑚𝑚, 20 𝑚𝑚 and 60 𝑚𝑚) at
vehicle speed 80~90 𝑘𝑚/ℎ (a), and its EEMD-LLTSA result (b).

47 / 78

Deliverable D4.2 [Final]

Figure 34 – LSSVM prediction results ad different vehicle speeds by using EEMD-LLTSA method,
whereas the label 1, 2, 3 and 4 represent that the wheel flat sizes are 0 𝑚𝑚, 20 𝑚𝑚, 35 𝑚𝑚 and 60 𝑚𝑚,
respectively.
Table 9 – Classification accuracy

Method
EEMD-LLTSA

Vehicle
speed
(km/h)

The number of correctly identified
Normal

20 𝑚𝑚

35 𝑚𝑚

60 𝑚𝑚

28~35

35

30

30

27

97.6%

55~65

40

30

50

45

100%

80~90

30

35

XX

50

100%
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4.5 Detecting wheel flats using carbody accelerations
In comparison with wheel flat detection by using axle box accelerations, the difficulty in using
carbody accelerations is that the impulses in carbody accelerations caused by wheel flats could
be hidden by ambient noise, since the impact of wheel flats is strongly damped by the suspension
system. As shown in the upper plots in Figure 35, humans can hardly recognise the patterns of
wheel flats in carbody accelerations. A Machine Learning approach was applied to automatically
detect wheel flats based on carbody accelerations and vehicle speeds, the EEMD-LLTSA method
proposed for application to axlebox accelerations is no longer suitable for this case. Instead,
specific features will be defined for properly representing the wheel-flat signals in carbody
accelerations. In a second step, a classification method will be selected to train a classifier in such
a way that different classic classification algorithms will be compared. Finally, the trained classifier
will be tested for real-time wheel flat detection.

Figure 35 – Comparison between carbody acceleration and axle box acceleration under a wheel flat with
the length of 20 mm at the running speed of 70.13 km/h

4.5.1

Feature definition

Wheel flats result in periodically repeated pulses in acceleration signals. Although the peaks of
the pulses are less obvious in carbody accelerations than in axle box or bogie accelerations, the
constructed features should be able to represent the pulses caused by wheel flats. In previous
studies of the project partner TUB for wheel flat detection by using axle box accelerations, 24
features were constructed in the time domain, the FFT spectrum, the envelope spectrum and
cepstrum [24], [25]. Based on this work and the wheel flat severity index (WFI) defined in [26], ten
features are selected and adapted according to the characteristics of carbody accelerations. The
features are described as below.
In the time domain, a data sample is divided into several segments, each of which represents
one rotation of the wheel, as shown in Figure 36. The length of a time segment is estimated as
∆𝑡 =

𝜋∗𝑑
𝑣

(16)

Where 𝑑 is assumed as 0.92 𝑚 and 𝑣 denotes the vehicle speed.
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Figure 36 – Carbody accelerations of a wheel flat of 20 mm divided into 7 time segments, the interval of
the segments representing one wheel rotation

The feature 𝑘𝑡1 [25] considers the position of the peak in each segment, which are indicated as
the time distance ∆𝑡𝑖 between the peak and the beginning of the segment, as shown in Figure 37.
The feature 𝑘𝑡1 is defined as the variance of ∆𝑡𝑖 over the entire data sample consisting of seven
segments in Figure 37. In the cases where wheel flats are present, 𝑘𝑡1 should be smaller than in
the case where the wheels are intact.

Figure 37 – Principe of feature 𝑘𝑡1

The feature 𝑘𝑡2 is the WFI defined in [26]:
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𝑛

1
2 )
𝑘𝑡2 = √
∑(𝑦𝑖2 − 𝑦𝑚𝑎𝑥
𝑛−1

(17)

𝑖=1

where 𝑦𝑖 is the acceleration amplitude, 𝑦𝑚𝑎𝑥 the peak value in a segment and 𝑛 the number of
the segments in a data sample.
The features 𝑘𝑡3, 𝑘𝑡4 and 𝑘𝑡5 consider the statistical features, i.e. the peak-to-peak value, the
standard deviation and the crest factor. These statistical features are calculated in each segment
at first so that 𝑘𝑡3, 𝑘𝑡4 and 𝑘𝑡5 are defined as the mean values thereof over the whole data
sample.
In the envelope spectrum, the features are based on the absolute peak position and the
spectrum shape. Theoretically, the first peak should be the rotation frequency of the wheel, while
the following peaks are the n-orders of the rotation frequency respectively, see the envelope
spectrum of the axle box accelerations in Figure 35. Due to the damping effect of the suspension
system, the n-order peaks (except the first one) may be buried in noise and cannot be seen in the
envelope spectrum. Nevertheless, the first peak of wheel flats is still recognizable in most cases.
In contrast, the peak position in the envelope spectrum of intact wheels is random, see Figure 38.
In this sense, 𝑘𝑒1 is defined as the relative differentiation between the frequency of the first peak
and the rotation frequency:
𝑘𝑒1 = |

𝑓𝑝𝑒𝑎𝑘 − 𝑓𝑟𝑜𝑡
|
𝑓𝑟𝑜𝑡

(18)

In case of wheel flats, 𝑘𝑒1 should be smaller than that in case of intact wheels.

Figure 38 – Comparison of envelope spectrum of carbody accelerations between wheel flats and intact
wheels

The feature 𝑘𝑒2 [25] is defined as kurtosis, which is a statistical feature describing the shape of
the envelope spectrum. The features 𝑘𝑒3 and 𝑘𝑒4 are the standard deviation and the crest factor
of the envelope spectrum.
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The feature 𝑘𝑒5 considers the distance between two envelope spectra, which is a common
approach measuring similarity between signals in time series analysis. A typical envelope
spectrum of a data sample of wheel flats is used as the reference spectrum. The algorithm
calculates the Euclidean distance between the target spectrum and the reference one as 𝑘𝑒5.
The spectrum of wheel flats should have less distance.
4.5.2

Classifier training

The generated features are labelled with “bad” denoting wheel flats and “good” denoting intact
wheels so that a (1 x 11)-feature matrix (10 features plus a label) is established for each data
sample. For 𝑛 data samples, a (n x 11)-feature table is constructed for training a classifier.
Considering the magnitude of different features varies greatly, the features with high magnitudes
could have more weight than features with low magnitudes, especially for the classification
methods using distance calculations. It is necessary to normalise the features before
classification. In this work, Z-normalization, also known as “Normalization to Zero Mean and Unit
of Energy” is applied to all features. The formula is shown as below.
𝑥 − 𝑥̅
𝜎
This redistributes the features with their mean μ = 0 and standard deviation σ =1.
𝑥′ =

(19)

According to the number of data samples, cross validation or holdout validation could be used for
protection against overfitting. For a small data amount, k-Fold cross validation is used for the
evaluation. That means the data samples are split into k groups. For each unique group, the group
is taken as a validation data set, while the remaining groups as a training data set. The classifier
is trained to fit on the training set and evaluate on the validation set. The evaluation scores are
combined over the k-rounds to give an estimate of the classifier’s predictive performance. For
training a classifier, the following methods are considered:






Decision Tree
Logistic Regression
Support Vector Machine (SVM)
K-nearest Neighbour (KNN)
Ensemble

Since each method has variant configurations and parameters, we use an existing tool for
Machine Learning to compare the methods with different configurations on training data sets. For
the selected classification method, further experiments for parameterisation will be carried out to
find the classifier with the best performance.
4.5.3

Influences of vehicle speeds

The investigation in Section 4.4 indicates that the impact caused by wheel flats will rise with an
increase in the vehicle speed; therefore, it is easier to observe the wheel-flat signal, using axlebox
accelerations, at higher speeds. However, this may be not correct when looking at carbody
accelerations. Figure 39 compares carbody accelerations and the envelope spectra under a
wheel flat at different vehicle speeds. It can be seen that it is not easy to recognise the wheel flat
impulses in the time domain not only at low speeds but also at high speeds. A high speed can
result in the time of one wheel-rotation being less than the time of the oscillation of one wheel-flat
impact. That means two adjacent wheel-flat impacts may overlap, which changes the pattern of
wheel-flat signals, making it more difficult for detection in the time domain. This effect occurs in
both axle accelerations and carbody accelerations, however, the critical speed for carbody
accelerations is much less than for axle box accelerations. On the other hand, this effect seems
to have no effect on envelope spectra, since the non-periodic noise can be eliminated by envelope
analysis. Nevertheless, it is necessary to investigate the influences of vehicle speeds on wheelflat detection. For this purpose, the data samples will be sorted according to different speed
ranges in the following experiments.
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Figure 39 – Comparison between carbody accelerations under a wheel flat at different vehicle speeds:
upper 81.71 km/h, middle 37.72 km/h, bottom 24.76 km/h

4.5.4

Experiments on measurement data

The field test data obtained from the ESZÜG project has been used to train and test various
classifiers. The applied data contain four hours of continuous vibration measurements on the
underframe of a tank wagon with a 20-mm wheel flat in operational conditions and four hours of
measurements without wheel flats, with the vehicle speeds measured by GPS throughout. The
original vibration data is sampled at a frequency of 5 kHz, while the speed data at a frequency of
5 Hz. Since the interesting features of wheel flats are located in low frequency bands, the vibration
data is re-sampled at a frequency of 500 Hz. At a second step, the data is divided into data
samples of 2.048-seconds generating thousands of data samples, which are labelled with “bad”
denoting wheel flats and “good” denoting intact wheels. The sample window length of 2.048
seconds was selected considering that the common speeds of freight wagons, the sample
frequency of 500 Hz and the fact that Fast Fourier Transform (FFT) is most efficient if the number
of samples is a power of 2 [25]. Taking into account the influence of vehicle speeds on wheel flat
detection, the data samples are further sorted into the several groups according to speed ranges,
see Table 10. The lower speed means fewer wheel-flat impulses within a data sample and lower
amplitudes of impulses, which is unfavourable for wheel-flat detection. Therefore, the vehicle
speeds under 15 km/h are not considered.
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Table 10 – Numbers of data samples in different speed ranges

Vehicle speed range

Number of data samples Number of data samples
labelled as “bad”
labelled as “good”

15 km/h – 25 km/h

1113

598

25 km/h – 35 km/h

734

1182

35 km/h – 45 km/h

1744

1607

45 km/h – 55 km/h

363

883

55 km/h – 65 km/h

632

537

65 km/h – 75 km/h

637

451

> 75 km/h

3000

3000

The aforementioned feature tables are generated for each speed range group. Considering the
unbalanced amounts of of data samples in different groups, the minimum amount in any of the
groups, i.e. 363, is taken as the amount of training data samples for all groups, for the purpose of
investigating the influence of vehicle speeds and identifying the suitable classification method.
Once the proper speed ranges and the classification method are identified, all the available data
samples are used for training and testing. Meanwhile, the most suitable parameters for the
identified classification method will be selected based on cross-validation evaluation.
Classification Learner embedded in MATLAB-software was applied to run the evaluation of
different methods and speed ranges. As the single dataset contains merely 363 data samples for
“bad” wheel and 363 samples for “good”, 10-fold cross validation is used for evaluation. The
results are summarised in Table 11 where the accuracy of the method in classifying the sample
is expressed as a percentage of correct classifications compared to the total cases
Table 11 – Evaluation of the accuracy of various classification methods for different vehicle speed ranges

Classification
method

15 – 25 25 – 35 35 – 45 45 – 55 55 – 65 65 – 75 >
75
km/h
km/h
km/h
km/h
km/h
km/h
km/h

Medium Tree

77.3%

86.8%

95.0%

89.5%

86.9%

85.4%

93.4%

Coarse Tree

79.6%

85.1%

96.4%

90.9%

86.8%

84.4%

93.5%

Logistic
Regression

74.9%

86.5%

94.9%

91.2%

85.7%

83.1%

95.3%

Linear SVM

76.6%

86.5%

95.7%

90.2%

85.0%

83.6%

94.9%

Quadratic SVM

81.3%

87.1%

95.9%

89.5%

85.8%

85.4%

95.0%

Medium Gaussian 80.6%
SVM

86.9%

96.4%

89.8%

87.2%

84.7%

95.0%

Medium KNN

80.9%

86.5%

96.3%

90.2%

85.0%

85.5%

93.8%

Cosine KNN

80.0%

86.2%

96.3%

90.5%

86.0%

85.0%

94.1%

Weighted KNN

81.1%

86.2%

96.0%

90.1%

86.1%

84.8%

93.5%

Ensemble Learner 82.1%
- Boosted Trees

88.2%

73.4%

89.4%

87.5%

86.4%

95.5%

Ensemble Learner 80.9%
- Bagged Trees

88.6%

96.6%

90.2%

88.6%

86.5%

95.7%

Ensemble Learner 81.7%
- Subspace KNN

86.0%

95.9%

89.0%

86.9%

83.9%

94.1%
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The evaluation results show that



Most classification methods with default parameters can achieve a better performance in
the speed range between 35 – 45 km/h and above 75 km/h.
The ensemble methods with default parameters has a better average performance against
other methods across all speed ranges, and are close to the performance of the best
method in the speed ranges where it is not the best (except for Ensemble Learner –
Boosted Trees in the 35-45km/h speed range.

In the following case study, a classifier will be trained based on an ensemble method with
parameter tuning. The features generated in the speed range between 35 km/h and 45 km/h are
used as training data. The toolbox Scikit-learn [27] is applied for the investigation.
The goal of ensemble methods is to combine the predictions of several base estimators built with
a given learning algorithm in order to improve generalizability / robustness over a single estimator.
Two families of ensemble methods are usually distinguished. The averaging methods, e.g.
Bagging methods and Forests of randomized trees (FRT), are to combine numbers of base
estimator independently and then to average their predictions so that the result variance of the
combined estimator can be reduced. By contrast, the boosting methods, e.g. AdaBoost and
Gradient Tree Boosting (GTB) [28], [29] build the base estimators sequentially to reduce the bias
of the combined estimator [27]. In the former experiments, Decision Tree and KNN are applied
as the base estimators, while the boosting methods and the averaging methods are tested. The
models are parameterised with the default parameters defined by the use of the MATLAB toolbox,
Classification Learner, to train a classifier specifically for wheel flat detection, so that most suitable
combination of parameters should be found. This process is called parameter tuning. In this case,
two ensemble classifiers with the optimized parameters will be trained for wheel flat detection.
For the purpose of comparison, two baseline models, which are based on FRT and GTB, are
trained with 10-fold cross validation, the evaluation is presented in Table 12.
Table 12 – Cross-validation evaluation of two baseline models

Classification
method

Average
accuracy

Standard
deviation

Minimum
accuracy

Maximum
accuracy

Gradient
Tree
Boosting (GTB)

95.6%

2.4%

92.7%

99.9%

Forests of randomized
trees (FRT)

96.6%

3.1%

89.7%

99.8%

Subsequently, the parameters for GTB and FRT are tuned. As introduced earlier, GTB is one of
boosting methods and can be interpreted as an optimization algorithm on a suitable cost function,
its algorithm is given below in pseudocode [28].
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Grid search is chosen as the strategy to tune the parameters, which will build and evaluate a
model for each combination of algorithm parameters specified in a grid. Taking into account
Decision Tree is used for building base estimators, the parameters of GTB refer to the coefficients
of Decision Tree algorithm and the hyper-parameters of the boosting method. Parameter tuning
for GTB starts with “learning_rate” and “n_estimators”. “learning_rate” is a hyper-parameter
controlling the weighting of new trees added to the model, while “n_estimators” refers to the
number of the base estimators. We will have several combinations of parameters through a given
range of “learning_rate” and “n_estimators” as well as the assumed other parameters. For each
parameter combination, a GTB model is trained and evaluated by 10-fold cross validation.
According to the average accuracy, the most promising combination of “learning_rate” and
“n_estimators” can be selected. It has to be noted that a lower value of “learning_rate” requires a
higher number of “n_estimators” and thus results in more computational expense [29]. In a similar
manner, other parameters can be identified step by step. Table 13 shows the tuned parameters
and the evaluation results by cross validation. The explanation of the listed parameters can be
found in [27]:
Table 13 – Tuned GTB-classifier

Tuned Classifier based on Gradient Tree Boosting
Parameters

Cross validation results

learning_rate

0.05

Average accuracy

97.7%

n_estimators

180

Standard deviation

2.5%

max_depth

15

Minimum accuracy

92.6%

min_samples_split

800

Maximum accuracy

99.9%

min_samples_leaf

40

subsample

0.8

max_features

6

In a similar manner, the optimised parameters for the FRT method are identified by parameter
tuning. Finally, the trained classifiers are tested by data samples in different vehicle speed ranges,
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as shown in Table 14. The tuned FRT has the overall better performance across all ranges of
vehicle speeds.
The highest accuracy of 96.4% could be a result of overfitting, since the classifier has been trained
with the data in this speed range. Therefore, a similar experiment was repeated in such a way
that the classifier “tuned GTB” was trained by the data at speeds over 75 km/h and finally tested
with the data at speeds between 35 km/h and 45 km/h. The accuracy of this classifier is 90.2%.
Table 14 – Accuracy of wheel flat detection tested by data samples in different speed ranges

Classification
method

15 – 25 25 – 35 35 – 45 45 – 55 55 – 65 65 – 75 >
75
km/h
km/h
km/h
km/h
km/h
km/h
km/h

GTB

63.9%

80.7%

96.1%

85.8%

86.2%

70.9%

74.6%

FRT

64.2%

82.3%

95.8%

85.4%

86.2%

74.6%

75.6%

Tuned GTB

63.5%

81.4%

96.4%

84.8%

86.9%

72.7%

78.8%

Tuned FRT

64.6%

83.1%

95.4%

86.1%

86.4%

81.3%

80.8%

4.6 Conclusions on wheel flat detection
This section summarises the main finding of INNOWAG activities related to wheel flat detection.
The machine learning approach has been demonstrated for two specific objectives, namely
distinguishing wheel flats with different sizes using axle box accelerations, and detecting wheel
flats using carbody accelerations. The proposed algorithms have been validated with field test
data. The following conclusions can be drawn:
1) The two objectives declared in Section 4.1 have been achieved by the development and
validation of the algorithms. However, the algorithms have been developed with data from
only a few cases of defect size and conditions, further development and validation using
data from a wider range of defect sizes and conditions would be required to have
confidence in the capability of the system in operational conditions.
2) As shown in Table 14, the tuned FRT has achieved a better average performance against
other methods across all speed ranges, and are close to the performance of the best
method in the speed ranges where it is not the best. Especially at speeds between 35
km/h and 65 km/h, the trained classifier has a detection accuracy of over 85% by using
carbody acceleration. When implementing the algorithm in practice, this accuracy
indicates a threshold for generating alerts. This means, if e.g. 85 percent of classification
results are “bad wheel”, an alert of wheel flats should be generated. Considering there are
several factors, such as measurement position, quality of the used accelerometer, loading
condition, etc., affecting the detection accuracy, further investigations are required to
validate the algorithm.
3) The algorithm for distinguishing the flat sizes is able to distinguish a small wheel flat from
a large one by using vehicle speeds and axlebox accelerations. This algorithm can
achieve a surprising accuracy, as shown in Table 9, when it is applied on the acceleration
data at stable speeds, i.e. neither in accelerating or braking process. Considering
classification has to be done at nearly same speeds, the data samples selected for training
and testing is very limited. In this sense, it is necessary to test the algorithm with more
field data.
4) The occurrence of wheel flat cannot be predicted. Nevertheless, the early detection of the
presence thereof enables an optimised planning and bundling of maintenance work
according to the wagon conditions. Moreover, condition monitoring indicates the time and
location of the wheel-flat occurrence, which can help liability appraisal.
5) For fault detection, feature extraction is the most important step of the proposed machine
learning approach. The extracted features in this task represent the periodic impulses
caused by a local failure on the wheel tread, mainly considering acceleration amplitudes
in the time domain and impulse frequencies in the envelope domain. The proposed
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algorithms could be adapted to detect other wheel tread failures besides wheel flats, such
as shelling, build-up of material, cavity, etc. Since the envelope analysis is applied, the
algorithms are robust against signal disturbance and noise which are very common in the
real operational conditions.
6) Prior knowledge of the effects of wheel defects on the acceleration signal could
significantly influence the definition of features. However, it is usually not easy to obtain
prior knowledge of failures in practice. This is the drawback of the applied supervised
classification method. In the next steps, more advanced machine learning techniques
such as convolutional neural networks and recurrent neural network will be investigated,
which can be applied on acceleration data with minor pre-processing to automatically
extract features for fault detection.
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5. Wheel wear
Wear of wheel profiles is one of the most critical issues affecting maintenance costs and dynamic
behaviour of railway vehicles. The evaluation of maintenance data provided by the project
partners HVLE and UVA indicates that the main driver for wheel turning is modification of the
profiles due to wear, since most freight wagons are equipped with tread brake systems. For disc
braked vehicles, failures caused by rolling contact fatigue (RCF) are more critical [30]. Based on
the significance of these factors, this section introduces an analytic approach to predict wheel
wear and the investigation of the maintenance data related to wheel wear archived in the normal
maintenance procedures.

5.1 Analytic approach for wheel wear prediction
As shown by a literature review of predictive models for wheel wear in the deliverable D1.1, an
analytic predictive model for wheel wear should incorporate vehicle dynamic simulation, contact
mechanics modelling and modelling of material removal. The calculation process in this task as
used in [31] is illustrated in Figure 40.

Figure 40 – Process for wheel wear prediction

Firstly, a multibody dynamic simulation (MBS) is carried out to obtain the kinematic variables of
wheel-rail contact patch at each step of time integration. For this purpose, a MBS model of a
freight wagon with the Y25 bogies is built in the SIMPACK software. The wheel and rail profiles
adopted are standard S1002 wheel profile and UIC60 E2 rail profile defined in SIMPACK. The rail
cant is set as 1/40, and the applied gauge is the European standard gauge 1435 mm. Since the
track layout, particularly curves, has a great effect on profile wear, it should ideally use the actual
track layout for setting up simulation. However, running an analysis of real operational conditions
that the investigated vehicle may observe requires a high quality of input data. Bevan [30]
suggests a statistical method to characterise the routes travelled by the investigated vehicle in
order to generate a representative track layout.
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The contact model in SIMPACK is Kalker (1982) ’s simplified model implemented with FASTSIM
algorithm, however, the shear stress distribution and stick-slip division required by wear prediction
cannot be well solved by Kalker’s model. Therefore, an improved contact model FASTRIP
proposed by [32] is applied. The parameters of the wheel-rail contact, such as semi-axis of ellipse
and the normal force, outputted in SIMPACK are fed into FASTRIP implemented in MATLAB to
calculate the local creep as well as shear stresses the stick area and the slip area, which are
inputs for wear estimation.
Regarding wear model, they generally fall in two main categories [33]:




Energy transfer models, which assume the material loss to be a function of contact forces,
spin moment and creepages (Tγ = F𝑥 ξ + F𝑦 η + M𝑧 𝜑) in the contact patch. British Rail
Research (BRR) and University of Sheffield (USFD) developed the most common wear
models of this type.
Sliding models where the material loss depends on combinations of sliding distance,
𝑁∙𝑆
normal force and material hardness (V𝑤 = k 𝐻 ). Royal Institute of Technology (KTH)
developed the most common wear model of this type, based on Archard’s wear law.

An energy transfer model [34] is applied in the modelling described in this section. Based on the
calculated contact parameters, wear rate K 𝑤 (μg/(m · mm2 )) is determined by an empirical
formula, illustrated in Figure 41. Subsequently, the wear distribution at each point of the contact
patch grid δ𝑝(𝑡) (𝑥, 𝑦) can be calculated, see the bottom right graph in Figure 40. The wear
distribution along the wheel profile is achieved by the integral of δ𝑝(𝑡) (𝑥, 𝑦) over the major semiaxis 𝑥 of the contact patch and the simulation time 𝑡. The result is shown in the bottom left graph
in Figure 40.

Figure 41 – Wear rate as a function of wear index [31]

The wear is cumulative over the travelled distance, which leads to different profiles at different
mileages. The total mileage travelled by the vehicle is subdivided into discrete steps with a
suitable strategy and within each step the simplifying assumption that the wheel profile is constant
is made. Two kinds of profile update procedures are possible: adaptive step and constant step.
The first one is based on the definition of a threshold value that imposes the maximum material
quantity to be removed at each profile update, leading to a variable update step; in the second
one a constant update step is defined [33]. After the wheel profile is updated in the dynamic
simulation program, the next iteration is started.
Normally the complete set of measured profile data over the distance travelled is required to
adjust and validate the setup of the prediction, however, the required data cannot be generated
during the normal operation of freight wagons. It is necessary to investigate the available
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maintenance data related to wheel wear and the data quality in order to propose a potential
general approach for wear prediction.

5.2 Trend of profile parameters with mileage
In the current maintenance program, wheel profile is mainly represented by three profile
parameters, namely flange height 𝑆ℎ , flange thickness 𝑆𝑑 and flange angle 𝑞𝑅, see Figure 42. 𝑆ℎ
is calculated as the difference between a point on the tread 70 mm from the back of the flange
and the top of the flange in the radial direction. 𝑆𝑑 uses the width of the flange 10 mm above the
same point on the tread. 𝑞𝑅 is the axial distance between a point 2 mm below the flange top and
the position of 𝑆𝑑 calculation [30]. Wheel wear generally leads to reduction of flange thickness 𝑆𝑑
and increase of flange height 𝑆ℎ due to the effect of tread wear. Flange angle 𝑞𝑅 represents
flange wear, a larger 𝑞𝑅 value means a flatter slope and less flange wear, whereas a smaller 𝑞𝑅
value means accordingly a steeper slope and more flange wear.

Figure 42 – Wheel profile with profile parameter [30]

EN 15313 specifies the limit of these values in operation, once the measured profile parameters
reaches the limit values, the wheelset should be re-profiled. Note that this is a safety limit and
does not necessarily represent the optimum maintenance limit. The operational limit values are
specified in Table 15, the limit values depend on wheel diameter. Since the most common wheel
type used on freight wagons has the diameter of ca. 920 mm, the right column is applicable in
most cases. The inspection criteria given in Appendix 9 of General Contract of Use for Wagons
(GCU) also stem from EN 15313 [35].
Table 15 – Limit values of the wheel profile parameters in operation [35]

Flange height
Wheel Diameter d
𝑆ℎ Minimum

𝑑 ≤ 630

630 ≤ 𝑑 ≤ 760

760 ≤ 𝑑

31.5

29.5

27.5

𝑆ℎ Maximum

36.0
Flange thickness

Wheel Diameter d
𝑆𝑑 Minimum

𝑑 ≤ 760

760 ≤ 𝑑 ≤ 840

840 ≤ 𝑑

27.5

25.0

22.0

𝑆𝑑 Maximum

33.0
Flange angle

𝑞𝑅 Minimum

6.5
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However, the inspection criteria given in Annex 18 of VPI 04 are different, see Table 16, from
which it can be seen that the VPI criteria are more stringent. The reason could be that the VPI
criteria were designed with more emphasis on preventive maintenance rather than corrective
maintenance.
Table 16 – Inspection criteria of wheel profile parameters according to VPI 04

Flange height
𝑆ℎ Maximum

34.0

Max. difference between two wheels

1

Flange thickness
840 ≤ 𝑑 ≤ 1000

Wheel Diameter d
𝑆𝑑 Minimum

25.0

Max. difference between two wheels

2

Flange angle
𝑞𝑅 Minimum

7.5

Due to wear and reprofiling, the profile parameters of any wheel vary between the initial values
and the limit values, the initial values being the profile of a new wheel or a newly turned wheel.
The typical values are given in Table 17.
Table 17 – Initial values of the profile parameters

new wheel

turned wheel

Flange height 𝑺𝒉

28.0 mm

28.0 mm

Flange thickness 𝑺𝒅

32.5 mm

30.5 mm

Flange angle 𝒒𝑹

10.5 mm

11 mm

It is interesting to observe the parameter changes over the travelled mileage in terms of a fleet of
freight wagons, considering the fact that often the interval between the data points for a single
wagon is the interval between two wheel turnings, which results in a very limited data set. The
maintenance data provided by the project partner HVLE is used for this case study, the profile
parameters are measured by two types of measurement devices shown in Figure 43.
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Figure 43 – left: mechanical measurement device “DB Systemtechnik EWF 5573.77/1” for flange height,
flange thickness and flange angle (source: DB Systemtechnik); right: laser measurement device Calipri
Prime (source: NextSense)

Both devices can be used on wheelsets mounted on vehicles, according to practical experience,
which takes into account human operating factors, the mechanical devices have much lower
accuracy (in the order of 1 mm) than the laser devices (in the order of 0.1 mm). In case of HVLE,
most of wagons are measured by the mechanical devices. The data is entered in the VPI protocol
“wheelset notification” via handwriting, and then the scanned protocol is stored in a computerised
maintenance management system (CMMS). In case of the laser devices, Calipri, there are
additional digital protocols in the form of PDF-file for recording the results. Nevertheless, to
generate a dataset for analysis the parameters for each wheelset have to be manually extracted
and coupled to the mileage data extracted from CMMS, which makes the data extraction is
extremely time consuming. Although there are thousands of wheelsets recorded in CMMS, only
a small part thereof has been selected and extracted for the evaluation. Figure 44 shows the
profile parameters in relation to the mileage travelled for the data extracted for this evaluation, the
mileage refers to the one after the wheel turning. It can be seen that the data points of flange
thickness vary between 28 mm and 32 mm without an obvious trend, while flange height and
flange angle rise with an increase of mileage. Although these historical data could show the
general trends of the parameter changes, there is too much scatter to predict the wear at a specific
mileage accurately. This scatter could be due to different average operating conditions for
different wagons in the fleet or other factors. Furthermore, the standard deviation of the profile
parameters in a specific range of mileage is quite high.
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Figure 44 – Changes of the profile parameters over the mileage travelled
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5.3 Conclusions on wheel wear
The introduced analytic approach for wheel wear prediction requires high availability and quality
of data and is mostly used in specific projects. It requires a series of the parameters of the vehicles
investigated, the track layout of the routes travelled, and the changes of the wheel profile with
mileage. This information is difficult to obtain in current normal operation with current, monitoring,
measurement, and maintenance procedures. With the trend to the railway sector towards
digitalisation, such as deployments of wayside train monitoring system for wheel profile, and data
exchange between different stakeholders, this approach may be more easily implemented in
practice for predictive maintenance of wheel profile.
Based on the investigation on maintenance data of freight wagons, it can be concluded that




The way to store the maintenance data related to wheel profile evolution in current CMMS
is oriented towards quality management and asset traceability, which does not enable
comprehensive data analysis. As much valuable data and information is hidden in
protocols and thus not in the digital form, the data extraction is extremely time consuming
and hinders the data evaluation. Furthermore the hidden nature of the data hinders the
use of the data which is currently collected for monitoring trends and optimising
maintenance strategies.
The amount of data related to wheel profile evolution of a wagon fleet allows a trend
analysis of the entire fleet. However this data is not suitable to accurately predict the profile
wear of a single wagon.
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6. Roller bearing damage
The majority of wheelsets on modern rolling stock are fitted with roller bearings, hence where the
term bearings is used in this section it is the main axle roller bearing which is being referred to
unless explicitly stated otherwise. In service failures are rare; however the potential
consequences can be extremely severe. The causes of failure include incorrect installation, loss
of lubricant, water ingress, rolling contact fatigue, and manufacturing and material defects. Most
bearing failures develop progressively, developing defects and symptoms which precede
catastrophic failure. If defects develop to the extent that they cause a catastrophic failure then the
bearing loses it’s ability to carry out its primary functions. These primary functions are to support
the load on the wheelset, allowing the wheelset to rotate with minimal resistance, and locate the
wheelset within the vehicle (transferring support and guidance from the rail). In a catastrophic
failure the bearing surfaces (inner and outer race) can break up, rollers can fail, the roller cage
can fail, or a combination of theses. These failures can cause a great increase in resistance to
the rotation of the axle, and the generation of excessive heat and noise. In extreme cases the
bearing can seize, preventing the wheelset from rotating, or cause the axle to fail, both of which
can result in derailment of the vehicle with potentially catastrophic consequences. To mitigate
against the risk of catastrophic bearing failures bearing maintenance, inspection and replacement
procedures are required, and defect detection devices installed on the railway network.
Principal current methods for detecting defective bearings can be divided into two categories,
inspection based and track-side in service detection. Inspection based defect detection methods
include removing the cover of the bearing, visual examination of the surfaces and lubricant,
examination of the bearing cavity and lubricant for wear and rolling contact fatigue debris, and
analysis of the lubricant. Track-side in service detection of bearing defects includes hot-box
detectors, which detect the elevated thermal emissions of defective bearings, and acoustic
detectors detect the characteristic elevated acoustic emissions of defective bearings. In addition
to maintenance, inspection and detection measures the other principal method for mitigating the
risk of bearing failure is the replacement of bearings according to a maintenance program. These
current defect/fault detection methods which (excluding inspection) only detect bearing in
advanced state of deterioration when immediate safety intervention is required, specifically the
stopping of the train and the removal of the vehicle from service. Also the intervals between
detailed bearing inspections generally used for freight vehicles are quite large, this means that
there is the potential for a defect to develop from the state where it doesn’t exist or is too
insignificant to be reliably detected, to failure in the period between inspections. Therefore current
bearing inspection practices are not a reliable method of detecting failing bearings before failure
occurs.
As stated in D4.1 the expected lifetime of a bearing for a freight application is usually given, by
all the suppliers, as 1.2 Mkm, which corresponds to the interval if the “IS 3” level of
inspection/maintenance (where wheelsets are removed from the vehicle), and twice the interval
of the “IL” level of inspection set by the VPI 04 guidelines [36]. The VPI 04 guidelines [36] are the
rules and guidelines used by most wagon operators in Europe. The manufacturers stated bearing
life and the VPI 04 guidelines mean that most freight vehicle bearings are replaced after 1.2Mkm
regardless of condition, that is, unless they fail or defects are detected sooner. Most bearings that
are replaced after this interval are fully serviceable and potentially have a significantly residual
lifetime remaining, therefore moving to condition based replacement of bearings could potentially
increase the bearing life beyond 1.2Mkm. This would allow the full component life to be exploited
(saving on purchase, replacement, and maintenance cost) whilst maintaining or improving levels
of safety and reliability. As well as extending component life, applying condition based
maintenance to bearings could reduce the need for inspection activities and reliably detect the
rare in service failures which occur before 1.2Mkm.
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Therefore the objective of a condition monitoring system for obtaining real-time (or near real-time)
bearing health status would be to provide early detection of the initial stages of bearing
degradation, and enable the remaining life/time to failure to be predicted. In conjunction with this
a condition based maintenance strategy would be implemented so that replacement of defective
bearings could be scheduled at operationally convenient time in the period between the detection
of a defect and the failure of the bearing, with appropriate safety limits and action levels. A less
advanced objective of a condition monitoring system for bearings would be to enable the bearings
to be used up to nearly their full effective service life (beyond the manufacturers recommended
limit) with condition monitoring acting as a safety measure to detect failing bearings. Once data
is collected on the actual service life of bearings obtained, and therefore the failure rate, a new
service life could be set at the point where the failure rate becomes intolerable, with the condition
monitoring system detecting any early in service failure.
One potential solution for a condition monitoring system to monitor bearing health is to monitor
the vibrations of the axle-box (and therefore the bearing) whilst the vehicle is in service. Bearings
in service have a characteristic signature, and variations in the characteristics of the bearing
vibrations can be used to detect defects, as has been implemented in bearings in other
applications. Maintenance and safety interventions can then be carried out based on the analysis
of the results of the capture and processing of the bearing vibration signals. Whilst the theory and
practice of monitoring the vibrations of bearings to determine their health status is well developed
for research and industrial applications, the main obstacle to application to freight vehicles is the
development of practical and cost effective devices for capturing and analysing vibrations from
bearings on freight vehicles. Developments in sensor, microelectronics and communication
systems have progressed to the stage where it is potentially possible to develop practical devices
to monitor individual bearings locally in service.
The principle focus of this section is to examine the potential viability and utility of the application
of a bearing condition monitoring system currently being developed and implemented on
passenger vehicles for freight vehicles. This will be used as a case study for the implementation
and potential benefits of bearing condition monitoring and discussion of the maintenance
practices for bearings. This case involves a particular condition monitoring system and set of
operational conditions, the case was selected for study on the basis that there was detailed
information available to the project. The system developed by PERPETUUM and fitted to a fleet
of electrical passenger multiple units operating in the U.K. consists of wireless sensor nodes fitted
to the axle-boxes sending data to a data concentrator located on the vehicle body which collects
the data and transmits it using cellular networks to a data cloud or central location. The wireless
sensor nodes consist of:






An accelerometer,
microelectronics for capturing, processing, and analysing and the accelerometer signals,
as well as storing the results of the analysis,
wireless transmitter for transmitting the results to a local communications hub,
energy harvester capturing energy from vibrations,
and short term energy storage.

These constituent components are integrated into a single device within a protective housing (a
wireless sensor node) which is attached to the axle-box, one device per axle-box being monitored.
The advantage of this particular system is that it is entirely self-contained, the energy harvester
collects enough energy when the vehicle is running to power the device to take measurements at
regular intervals, analyse the data and transmit the results wirelessly. This means that the devices
can be applied to freight vehicles, where on-board power generally isn’t available, and also means
that the devices are simple to install with no wired connections, wiring runs to install, or batteries
to replace. The current installation has a data concentrator on each vehicle of the passenger unit
which receives the wireless data from the nodes and transmits the data of the train, the data
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concentrators are connected to a power supply from the passenger vehicle, an alternative would
need to be developed for applications involving freight vehicles without on-board power supplies.
The output of the bearing condition monitoring nodes is a parameter which indicates the health
of the bearing the Bearing Health Indicator BHI. The node captures the signal from the
accelerometer and uses an algorithm to filter and analyse the signal to generate the BHI value
for that measurement. During in service operation of the bearing condition monitoring system a
number of cases occurred where the BHI parameter was noted to be high and these bearings
were replaced and the defective bearings examined to establish the extent of the degradation of
the bearing. As a result data was available which contained the BHI parameter values for bearings
up to removal, and a measure of the extent of the defect associated with the final values recorded
for that bearing. The replaced bearings had damage of different extent, this has enabled the data
to be examined to evaluate if it is possible to determine a relationship between the damage
measured on the bearing removed from service and the maximum BHI measurement for that
bearing (recorded shortly before replacement). Also to evaluate if significant defects can be
detected soon enough in the degradation process for the remaining life/time to failure to be
predicted.
The general background situation for the bearing health monitoring system and the bearing
service life for the case studied are as follows. The fleet of passenger vehicles has a total of 5024
main axle bearings, which operate on average about 240000km per year at a speed of around
80km/h, equating to an annual duty of 3000hours. Note that the annual mileage for a bearing is
based on the cumulative mileage for the bearings installed in that location, not individual
components. 32 failed bearings were detected in one year, giving a failure rate of 2.12*10-6
failures/hour. In Figure 45 the circumferential damage measured when bearings were examined
following removal from service due to defects being detected is plotted against the mileage which
the bearing had been in service. This (Figure 45) illustrates the difficulty of implementing
“predictive” maintenance regimes for bearings. There appears to be little or no relationship
between the amount of damage and bearing mileage, indicating that the root cause of bearing
deterioration may be a randomly distributed property of the metal in the load bearing surface.
Undamaged bearings, new and old, are indistinguishable from their bearing signature. Sufficient
warning of bearing failure and an understanding of the rate of failure in the population enables
the operator to plan the resources necessary to change bearings without impacting unit
availability, and to plan maintenance of the vehicle, preferably in conjunction with other necessary
maintenance activities (maintenance bundling).
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Figure 45 – Plot of circumferential damage measured against the mileage which the bearing had been in
service for the defective bearings detected in the case study fleet.

The data collected from the bearing health monitoring nodes and the examination of the bearings
after they were removed are shown in Table 18. This data consists of the maximum BHI value
recorded just before the bearing was replaced, and the size of the defect found on examination,
expressed in terms of the length of the defective area measured around the circumference of the
outer bearing race, referred to as the ‘circumferential damage’. Whilst bearing defects other than
degradation of the outer bearing race do occur, this was the type of defect developing in all of the
bearings examined. The maximum BHI values for each bearing are plotted against the measured
circumferential damage in Figure 46, along with the linear and exponential trend lines and upper
and lower limits for the relationship between BHI and circumferential damage.
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Table 18 – Measured circumferential damage and maximum BHI result for defective bearings removed
from service

Circumferential damage

12mm
60mm
32mm
187mm
52mm
56mm
84mm
157mm
18mm
76mm
127mm
56mm
74mm
112mm
80mm
131mm
83mm
6mm
54mm
8mm
20mm
132mm
29mm
151mm
71mm
32mm
125mm
89mm
89mm
16mm
34mm
65mm
132mm

Mileage (km)

108984
308311
265976
178400
214868
495043
330565
243877
139304
220710
205937
47815
116659
208836
223894
376976
245755
139912
422865
208836
326549
200581
484673
314119
139304
163009
46376
237
350278
485334
217883
500958
121578

70 / 78

Max. BHI

Time from ½
Max. BHI to Max.
BHI
2.3
1.7
2.8
4.2
3.7
2.6
3.3
4.65
1.2
1.9
2.2
2.5
4.9
2.2
2.3
4.4
2.7
2.7
2.6
1.7
3.5
4.4
2.6
3.5
2.6
1.5
3.7
4
1.4
2.6
1.6
2
3.5

49 days

3 days

27 days

4 days

5 days
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Figure 46 – Relationship between Maximum BHI values and measured circumferential damage of
defective bearings

Figure 47 shows a typical plot of the recorded BHI values over time for one of the bearings were
a defect was detected (series labelled A), along with the concurrent values recorded for another
bearing on the same train during the same period (series labelled B). The BHI values in Figure
47 represent a period from 01/01/2016 to 30/08/2016, however the data points are represented
by their number in the sequence of points rather than actual date. The BHI values for the bearing
which developed a defect are initially similar to the other bearing then generally increases until it
reaches a maximum BHI of 4.9, these being the BHI values for the bearing on which the
circumferential damage measured 74mm highlighted in Table 18. The final column in Table 18
shows the time between the BHI exceeding half the maximum recorded value and the BHI
reaching the maximum value for the bearings with the highest recorded BHI. This value gives an
indication of the time for a developing defect to increase the BHI to high levels, and therefore an
indication of the possible intervention time. However this values it is only indicative and does not
necessarily represent the time between the BHI exceeding an intervention threshold which might
be determined and the bearing becoming unsafe since none of the defects in the bearings in the
data set had reached the stage where the bearings failed catastrophically.
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Sequential numbering of data points from 01/01/2016 to 30/08/2016
Figure 47 – BHI values recorded for two bearings between 01/01/2016 and 30/08/2016, one with a 74mm
circumferential damage (series A) and one with no known defects (series B)

From the data in Figure 46 there was a general correlation between increasing BHI and increasing
defect size. Although there is a general correlation between BHI and defect size there is not a
precise relationship between BHI and defect size, since there is a significant amount of scatter
about the general trend. There are a number of potential factors affecting the BHI result for any
particular defect which could account for the scatter in the data; these include factors related to
the measurement of the defect and the operational conditions of the vehicle which are discussed
below.
The bearing defect size parameter recorded, circumferential damage, is a one-dimensional
parameter and represents the distance around the circumference of the bearing where damage
to the bearing surface was found. However, the severity and extent of the damage could also vary
in the axial direction, the depth of the damage, and the roughness of the damaged surface.
Therefore, for two defects with the same circumferential length, one could be significantly more
severe than the other having greater axial extent and depth of damage. In this case the more
severe defect would result in higher vibrations/accelerations being captured by the accelerometer
and as a consequence the BHI result would be larger for the same circumferential length.
However, whilst it is important to clarify why two different defects of the same circumferential
length might have the same BHI, it is not a significant issue. This is because a more severe defect
should have a higher BHI indicator and the circumferential length is only an indicator of the
severity of the defect which was recorded during inspection of the bearings after removal from
service. Therefore, the BHI value can still be considered a valid indication of the severity of the
defect and the health of the bearing.
The BHI data does not record in full detail the operational conditions when the vibrations were
captured, processed and analysed to produce the BHI value, there are a number of operational
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factors which could affect the vibrations produced by the bearing and therefore the BHI result.
These factors include the speed and load state of the vehicle, and the route over which it is
operating. However so long as the rate of degradation of the bearing is significantly longer than
the operational cycle of the vehicle, i.e. the time between operating at the highest vibration
conditions, then there should be a recent BHI result captured at the conditions which cause the
greatest vibrations/accelerations to judge the bearing condition from.
The results show that a significant defect correlates to a high BHI value. Although the relationship
between circumferential damage and BHI recorded is not a direct correlation, the correlation is
close enough that an increasing and elevated BHI results can be used as an indicator that a
defect is present in the bearing and developing in severity. This means that thresholds and action
levels can be set to schedule maintenance to remove bearings from service and replace them
before catastrophic failure. It should be noted that none of the bearings recorded failed
catastrophically or had degraded to the point where they would set off hot box detectors. This
shows that the bearing condition monitoring system provides a clear indication of the development
of a bearing defect before it develops into a critical bearing failure.
The data from a railway axle bearing health monitoring system examined in this section apply to
a specific system implemented on electric passenger units, which could have different
specifications and will experience different operating conditions than bearings on freight vehicles.
However the basic format and function of the bearing in freight vehicles are the same as in
passenger vehicles, as are the damage mechanisms, also the operating conditions have similar
conditions. Therefore it is reasonable to expect that bearing health monitoring techniques which
are effective on passenger vehicles would also be effective on freight vehicles with suitable
calibration to account for the variation in detailed design and conditions. The wireless sensor
nodes of the specific system examined in this section show that such technology is feasible and
viable in railway applications. Also they are particularly suitable for monitoring the health of
bearings in freight vehicles since they are self-powered and self-contained making them simple
to install and operate. Therefore it is considered that, with further testing, development and
calibration, such a system of wireless sensor nodes could be used to monitor the health of freight
vehicle bearings, which would enable the implementation of condition based maintenance for
bearings, potentially reducing component and maintenance costs. The implementation of the
condition monitoring system would of course result in additional costs, and the balance between
these costs and any reduction in maintenance costs would have to be analysed to verify if the
implementation would be economically viable. However it should be considered that the bearing
condition monitoring system could be used as a technological platform for the monitoring of other
defects and the condition of other components with the use of additional algorithms or sensors.
The cost per defect and component monitored on the same platform would probably reduce with
each addition, and the maintenance and other savings for them would be cumulative, increasing
the economic justification for smarter monitored freight vehicles.
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7. CONCLUSIONS
This deliverable presents the activities performed in Task 4.2 of the INNOWAG project, which is
aimed at developing damage models and health monitoring methods for selected wagon
components. Work in this task was based on a prioritization of components obtained from the
results of Task 4.1, resulting in covering the following topics:
-

structural monitoring of axles;
monitoring of integrity of primary suspension components;
detection of wheel flats also having size below 60 mm;
models for wheel wear;
monitoring of roller bearing damage.

The results obtained in the task bring to the following conclusions:
1) The extraction of nxRev components from the measured axle-box acceleration provides
an effective way of detecting the presence of a fatigue crack in a railway axle. Provided
that a suitable order tracking data processing technique is used together with a method
for outlier detection, the minimum size of the crack that can be detected is in the order of
4% of the total resisting area of the section. This size is significantly larger than the one
which can be detected by using current NDT inspection methods, yet it is significantly less
than the critical size that would cause the collapse of the axle. Therefore, the method
proposed for the structural monitoring of the axles is not meant to replace NDT
inspections, but rather to provide additional continuous health monitoring backing NDT
inspection;
2) A sensing node suitable for implementing the monitoring of structural integrity of the axle
was developed. The module incorporates a tri-axial accelerometer, a micro-processor, a
module for wi-fi communication and a battery to provide power supply. The components
in the module are chosen to minimise energy consumption, so that a long working time
can be assured before the battery needs to be re-charged. This sensing node can also be
used for the detection of wheel-flats, see below. A prototype sensing node is being built
and a demonstration is foreseen in an experiment to be performed on a full-scale roller
rig.
3) As far as the monitoring of primary suspension components is concerned, the examination
of the cross-correlation of bounce and pitch vibration or roll and pitch vibration provides
useful information and can be used to detect and separate different faults occurring in the
primary suspension. This method requires the use of three mono-axial accelerometers
located at three corners of the bogie frame and one common data acquisition and
processing unit. In Task 4.2, the demonstration of this condition monitoring application
was performed based on numerical experiments using a multi-body model of a wagon with
healthy/ faulty suspensions.
4) The monitoring of wheel-flats was addressed in Task 4.2 considering two main objectives:
the first one is to analyse the feasibility of detecting wheel flats using carbody mounted
accelerometers, so that sensors already on-board the wagon for freight tracking can be
used and the monitoring of wheel flats can be performed without introducing additional
expensive transducers. The second objective is to distinguish wheel flats with different
size, so that different maintenance strategies can be applied depending on the flat size.
The method for wheel flat detection developed in the task is based on a machine learning
approach and was validated with field test data. The approach proved to be effective with
detecting wheel flats having different size, although further improvements can be expected
from the use of more advanced machine learning techniques.
5) A numerical model for predicting wheel wear was established (See Section 5). It can be
used for predicting the profile evolution of a specific vehicle type by feeding the required
data. In the light of rules for maintenance presently in force in Europe, the profile wear
parameters 𝑆ℎ , 𝑆𝑑 and 𝑞𝑅 and their trends were obtained from historical maintenance
data provided by partner HVLE. Due to the way used to store maintenance data related
to wheel profile evolution and the lack of other required data, the obtained wear
parameters cannot be used to validate the wear model in terms of its capability to predict
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the profile wear of a single wagon, whilst the analysis of historical data can rather be used
to define a trend of wheel profile indicators for an entire fleet of wagons;
6) A solution for monitoring roller bearings based on measuring axle box vibration was
investigated, building on PERPETUUM expertise on such monitoring systems for
passenger vehicle applications. A Bearing Health Indicator BHI was defined and the
relationship between this indicator and the presence of damage in defective bearings
removed from service was analysed. From this analysis, a general correlation between
BHI and defect size was observed, despite the presence of significant scatter in the data.
Therefore, it can be concluded that the BHI value can be considered a valid indication of
the severity of the defect and the health of the bearing. The technology required to
implement the condition monitoring of roller bearings could be obtained by adapting
sensor nodes already in use at PERPETUUM to the specific features of freight bogies.
The activities in Task 4.2 has focused on investigating developing damage models and health
monitoring methods for selected wagon components, based on a prioritisation of components
obtained from the results of Task 4.1. Task 4.2 has proposed potentially viable and practical to
implement damage models and health monitoring methods, the justification of the required
investment necessary to implement these will be analysed and discussed in other work packages
of INNOWG. The prioritisation of components for condition modelling/monitoring carried out in
Task 4.1 was based on a cost-driven analysis. Also the proposed methods of condition
modelling/monitoring will be integrated in a “Wizard tool for maintenance policy optimisation” in
Task 4.3, which will include modelling the effects on LCC to determine the optimum maintenance
policy, including a representation of the costs associated with the modelling and monitoring
methods required for those policies. In addition to this WP5 will investigate the integration of the
modelling and monitoring methods as part of an intelligent lightweight wagon concept design.
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