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Abstract 

Early detection of wheelset defects is essential for ensuring railway safety. Wheelset condition monitoring can provide continuous 
information about the health of the system, thus avoiding time-consuming and expensive operations such as periodic inspections. 
This work deals with the study of railway wheelset wheel-flat identification features based on vibration signals from axle-box mea- 
surements. The aim is to obtain a simple and straightforward solution that can be easily implemented on a complete autonomous 
on-board sensor for wheelset defect prediction. Numerical simulations, by coupling a multi-body model of a coach with a new approx- 
imation of a wheel-flat model, were run in order to estimate the nature of the problem and the technical acquisition characteristics 
needed for a sensor node to be installed on real trains. Then, experimental campaigns were carried out on a wheelset test bench 

with defects artificially created to validate the presented methodology based on time domain feature extraction. A signal processing 
technique, which does not require the aid of any other hardware to obtain the revolution speed, is proposed. The methodology allows 
clear detection of wheel flats starting from 30 mm, especially at lower speeds. Even when considering the influence of wear, high 

defect conditions remain easily distinguishable. 

Keywords: railway wheelset; wheel-flat; axle-box; vibration measurements; full-scale experimental tests; sensor node 
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Highlights 

� A method based on vertical axle-box accelerations has been 

developed to identify wheel flats based on time domain fea- 
tures. The method is suitable for implementation on micro- 
controllers, does not need any other hardware tool (e.g., GPS) 
and leads to a substantial data reduction, making it extremely 
valid for data transmission from on-board sensors to online 
clouds. 

� Multi-body simulations of a railway coach have been per- 
formed in the absence and presence of a wheel-flat, with the 
aim of estimating the sampling parameters for an on-board 

sensor, specifically the minimum sampling frequency and full 
scale. 

� Experimental tests have been performed on a full-scale test 
bench, where wheel flats of growing size have been artificially 
reproduced on a wheelset. Axle-box accelerations have been 

sampled at three velocities. This test allows the sampling of 
acceleration data where the actual profile of a peak generated 

by a wheel-flat is captured. 
� The influence of wear has been verified by performing tests 

where the wheelset has been left running on the test bench 

for several kilometres. 

1. Introduction 

Wheelset defects include tread anomalies such as wheel out-of- 
roundness (OOR), defined as any deviation from a perfectly cir- 
cular shape. These can be periodic (e.g., polygonal wheels), ran- 
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om or discrete (e.g., wheel flats or clusters from rolling contact
atigue) [ 1 ]. In addition, axle defects may also arise, as cracks.

heelset defects represent crucial elements when discussing rail- 
ay safety, as they can lead to severe disturbances and undesired

ailures. 
In Europe, while each rolling stock operator may have its own

egulations and logistic plans for wheelset monitoring, general 
uidelines from the Verband der Güterwagenhalter in Deutschland 
 VPI ) are widely followed. For instance, VPI 03 and VPI 04 provide

aintenance directions for freight trains’ railway wheelsets, rang- 
ng from simple visual inspections ( IS0 ) to comprehensive axle re-
lacements ( IS3 ) [ 2 ]. The Italian company Mercitalia Intermodal
erforms IS1 maintenance after 300,000 km and IS2 maintenance 
fter 600,000 km [ 3 ]. Additionally, it conducts visual inspections
f each bogie after every trip, leading to numerous unexpected
nspections, with 10% identifying type 1.3 of wheel defects [ 4 ],
.e., defects on the tyre or corresponding part of the solid wheel.
isual inspections are costly and time-consuming, especially for 

ong freight trains. Defective wheelsets require the separation and 

ismantling of cars, causing further delays and financial losses.
n this regard, predictive maintenance aims to minimize failures 
nd costs without impacting productivity [ 5 ]. Unlike traditional
aintenance based on routine controls, predictive maintenance 

chedules tasks as needed by the equipment [ 6 , 7 ]. For wheelset
efects in freight trains, early defect detection can support or even
eplace visual inspections, extending wheelset service life by iden- 
ifying minor defects early, also decreasing the material removal 
t each re-profiling. 
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Thus, research in railway vehicle condition monitoring has seen
apid growth in recent years, particularly in the development of
efect identification techniques. 

Monitoring of railway vehicles can happen through sensors in-
talled on the railway infrastructure, e.g., wayside monitoring, or
hrough sensors placed on the vehicle itself, e.g., on-board mon-
toring. For the former, a comprehensive review of methods for
heelset defects monitoring can be found in Ref. [ 8 ]. The conve-
ience of the wayside technique relies on the possibility of em-
loying a single set of sensors to monitor a great number of vehi-
les that are crossing that point in the railway line. At the same
ime, these sensors rely on algorithms not properly tuned for the
pecific vehicle and cannot perform continuous analysis. 

Exhaustive research is now being carried out focusing on the
opic of on-board wheelset condition monitoring. In Refs. [ 9 , 10 ],
ifferent approaches of on-board wheelset condition monitoring
ere investigated, including magnetic, ultrasonic, acoustic and vi-
rational techniques. As pointed out in a recent comprehensive
eview by Ye et al. [ 11 ] on wheelset fault diagnosis, acceleration-
ased methods have become the most explored path in the scien-
ific community, due to the ease of installation, the accelerome-
ers’ low cost and the significant improvements in the signal pro-
essing techniques. Among the vibrational detection approaches
vailable, some of them concern the employment of axle-box ac-
eleration, i.e., ABA , signals: these can indeed be considered quite
eliable, as they gather vibrational data very close to the possible
ource of the problem. 

The focus of this work is the development of an algorithm,
ased on time domain features, for the identification of a specific
heelset defect, wheel-flat, by means of on-board vertical ABA
easurements. The objective is to develop a solution that can be

eamlessly integrated into an AB on-board sensor, specifically de-
igned for micro-controller implementation. This solution aims to
chieve low power consumption and minimal memory storage re-
uirements and to facilitate easy and compact hardware assem-
ly. Consequently, the study also focuses on identifying and defin-

ng the essential requirements that an on-board sensor must have
o effectively employ the proposed algorithm. 

Wheel-flat is a wheel geometry profile defect caused by wheel
ocking during the braking process and successive sliding on the
ail, or by low adhesion to the rail for environmental outliers such
s leaves or snow [ 12 ]. It is one of the most common local surface
efects and with time can cause further degradation of wheels,
earings and suspensions. Furthermore, it can produce high lev-
ls of noise [ 13 ], impact loading of the track [ 14 , 15 ] and worsen
heel polygonization [ 16 ]. Finally, the sliding and subsequent re-
ewed rolling of the wheel will cause a temperature rise, followed
y rapid cooling. The latter will lead to the formation of brittle
artensite around the flat, generating high forces and stresses on

he vehicle components and possibly also leading to the initiation
f fatigue cracks [ 17 , 18 ]. As a consequence, early identification of
heel-flat becomes of crucial importance. 
The latter can be achieved in different ways, such as ultrason-

cally [ 19 ] or through the employment of Fiber Bragg Grating [ 20 ],
ut is often done by ABA measurements: indeed, the presence of a
heel-flat induces in the vertical acceleration a peak value at ev-

ry complete rotation of the wheel in correspondence to the angle
f rotation for which the wheel-flat is passing through the contact
oint between wheel and rail. 

Time domain and frequency domain identification approaches
an be found in the literature. Liang et al. [ 21 ] developed a sim-
lified mathematical model and simulation of wheel-flat and rail
urface defects, which they validated against scaled roller rig
xperiments, including ABA signals. Time-frequency techniques
ere tested (as Short Time Fourier Transform, Wigner-Ville Trans-

orm and Wavelet Transform), coupled with time domain param-
ters: the faulty signals were detected but only at very low speed,
 maximum of 7 km / h , and for a single case of very low dimension
heel-flat of 2 mm . The same roller rig was employed later on in
ef. [ 22 ]: adaptive noise cancelling proved to be an ally in detecting

aults, especially at high speed, when applied in time–frequency
ignal processing techniques. 

Chen et al. [ 23 ] proved how a two-level adaptive chirp mode de-
omposition method can detect wheel-flat under variable-speed
onditions, showing the algorithm’s potential on an experimen-
al model vehicle. In Ref. [ 24 ], empirical mode decomposition was
pplied to wheel-flat detection and proved effective even on non-
tationary signals. However, its high computational cost poses
hallenges for on-board implementation. In regard to this, time-
omain detection methods can be more advantageous. In addi-
ion, the algorithm was validated on a test rig employing a rubber
lock to simulate the impact of a wheel-flat, with no guarantee it
ould be as effective with an actual defect. Similarly, Li et al. [ 25 ]
roposed an adaptive multiscale morphological filter for wheel-
at diagnosis, also validated on a roller rig using a rubber block
o mimic impulsive forces. As the authors noted, the impulsive
eatures generated by a real wheel-flat and those produced by a
ubber block may not be entirely equivalent. 

It is important to note that many of the existing algorithms for
heel-flat identification require a synchronous sample of the ac-

eleration signal, obtained by means of a direct measure of the ve-
icle speed, to work in the angular domain. This can be obtained
ith an encoder, the implementation of which is not straightfor-
ard for an on-board solution. 
Bosso et al. [ 26 ] used vertical ABA and analysed it in the time

omain to detect wheel flats. The algorithm was tested on nu-
erical simulations and experimental tests. The limitation is that

n encoder was used to determine the angular position of the
heelset and the algorithm was designed to work in a nearly con-

tant speed condition. Furthermore, the algorithm was tested on a
25 freight train and validated with a maximum admissible speed
f 90 km / h . Shim et al. [ 27 ] combined order analysis first with
epstral analysis, then with cross-correlation analysis, to evalu-
te the wheel-flat signal, even under variable speed conditions.
lso in this study, the presence of an encoder or a generic speed
ensor is taken for granted. Bernal et al. [ 28 ] developed an interest-
ng study for wheel-flat identification through the employment of
nalogue signal processing techniques. Their algorithm was vali-
ated through an experimental campaign on a 1:4 model test rig
ith an artificially ground 40 mm defect. To be able to work in a
ide range of speeds, the authors indicated the need for a GPS

olution. In Refs. [ 29 , 30 ], wheel flats on railway vehicles were de-
ected through the angular domain synchronous averaging, i.e.,
DSA , method, which can also handle the non-stationary vibra-

ion process. The method was experimentally validated with a sin-
le 50 mm long defect (only 10 mm shorter than the limit value
 31 ]) and for very low velocity, only 30 km/h, quite far from the
ruise velocity of freight or high-speed trains. In addition, even
hough the algorithm could be easily implemented, the authors
ndicate the need for a tachometer for measuring the rotational
elocity of the wheel. In conclusion, machine-learning approaches
 32 , 33 ], or deep-learning algorithms, [ 34–36 ], are also applied for
his topic. 

The methodology developed in this work for wheel-flat iden-
ification relies on time-domain feature extraction and finds it-
elf, according to the definition given in Ref. [ 11 ], among the clas-
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Fig. 1. (a) Raw wheel-flat geometry parameters [ 19 ], (b) no wheel- 
flat, raw wheel-flat, approximated wheel-flat comparison, and (c) 
deviation from the ideal circular profile in the upper plot and 

derivative of the profile in the lower plot 
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sical signal processing methods. The problem was studied start- 
ing from numerical simulations, where vertical ABA vibration sig- 
nal characteristics were quantified, defining the full scale and the 
minimum sampling frequency that an on-board sensor would re- 
quire to be able to detect such a defect. The algorithm was vali- 
dated through experimental tests on the Lucchini RS BU300 full- 
scale test bench, testing increasing defect dimensions at three 
velocities, coupled with the wearing phenomenon, which natu- 
rally affects real-life working wheelsets. This approach presents 
the following innovations. It is able to derive wheelset rotational 
speed directly from acceleration measurements, bypassing the 
need for an encoder measurement, which is essential for an on- 
board ABA sensor. This is achieved through the implementation 

of cepstral analysis, which is performed by reversing the method- 
ology proposed by Baasch et al. [ 37 ], aimed at the identification 

of the wheel radius from the previously obtained speed. Further- 
more, thanks to the employment of a full-scale test rig, the au- 
thors were able to accurately reproduce the time profile of the 
impulse associated with wheel-flat presence, verifying the pre- 
sented algorithm on various defect sizes and testing the effect of 
their presence at three velocities. In addition, the coupling effect 
with the wear, a naturally occurring phenomenon in field scenar- 
ios, was studied. 

2. Numerical simulations 

Defects such as the wheel-flat introduce irregularities in the 
wheelset operational behaviour, thus changing their dynamic re- 
sponse. The controlled environment of numerical simulations en- 
abled a first estimation of the relationship between wheel-flat 
presence and the resulting vibration patterns. By increasing defect 
size and running velocity, the trend of time-domain features com- 
puted on ABA signals is observed, once vertical, lateral and longi- 
tudinal acceleration signals have been extracted. An estimation 

of the minimum requirements (in terms of sampling frequency 
and full scale) needed by an on-board sensor to correctly sample 
ABA signals in the presence of a wheel-flat is performed. 

The numerical simulations are carried out by means of a 
mathematical model developed by the railway dynamics research 

group of the Department of Mechanical Engineering of the Politec- 
nico di Milano. The mentioned model is a complete multi-body 
model of a coach, aimed at simulating a vehicle running on a rail- 
way line. The model is able to describe very accurately the vehicle 
dynamics and the wheel–rail interaction, taking into account the 
track deformability. The wheel-flat is introduced as a change in 

the nominal shape of the wheel profile. 

2.1. Modelling 

The mathematical model employed for the train track interac- 
tions consists of three parts: a multi-body model of the rail ve- 
hicle, a simplified/complete model of the track and a model of 
wheel/rail contact. More details about the modelling approach 

can be found in Ref. [ 38 ]. The model is based on a multi-body 
schematization of the trainset, enabling the analysis of the non- 
stationary running behaviour in the tangent track and curve of 
a single vehicle. The vehicle system includes three elementary 
modules. 

� The car body, modelled as a single rigid body, as the effect of 
its own flexibility on wheelset acceleration is negligible. 

� The bogie assembly, modelled as a rigid frame connected 

by primary suspension to two wheelsets, modelled as de- 
formable bodies. The latter are expected to have a relevant 
effect on the high-frequency component of wheel/rail con- 
tact forces. 

� The secondary suspension, modelled as a combination of 
lumped parameter linear and non-linear visco-elastic ele- 
ments. 

The number of degrees of freedom for the complete vehicle is
3. 

Track flexibility is accounted for through a finite element 
cheme, in which the rails and sleepers are modelled by Euler-
ernoulli beam elements: two beam elements are used to model
ach sleeper span on each rail and four beam elements are used to
odel each sleeper. The rail pads and fastening devices are mod-

lled as linear visco-elastic elements connecting the rails to the
leepers. The ballast is represented as a series of lumped masses—
ne beneath each sleeper—connected to both the sleeper and the
round by two visco-elastic layers acting in the vertical and lat-
ral directions. The finite element model is three-dimensional and 

onsiders the vertical and lateral motion of the track, whereas
he longitudinal displacements are not considered in the simula- 
ion. In this work, the finite element model consists of 500 sleeper
pans, corresponding to a track length of 300 m . 

The model of wheel–rail contact used to reproduce the dynamic
oupling between the vehicle and the track is the pre-tabulated,
ulti-Hertzian one [ 39 ]. The only condition dealt with in this work

s the simulation of tangent track running of the vehicle and the
ssumption is made that one single contact point occurs between 

ach wheel and the rail. 
The wheel-flat defect modelling relies on a further approxima- 

ion of the wheel-flat raw modelling described in Ref. [ 19 ], the
cheme of which can be seen in Fig. 1 (a). The raw wheel-flat model
s expressed through Eq. ( 1 ), where d(θ ) is the defect amplitude
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Table 1. Numerical simulations of wheel-flat ( WF ) defects, with 

dimensions 

Defect name Length ( mm ) Height ( mm ) 

WF1 10 2 ×10−2 

WF2 30 2 ×10−2 

WF3 30 5 ×10−2 

WF4 30 8 ×10−2 

WF5 60 8 ×10−2 
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nd θ is the angular position, positive if taken counter-clockwise
tarting from the positive direction of x -axis. r(θ ) is the real radius
f the wheel with the defect, expressed by Eq. ( 2 ). 

d(θ ) = R − r(θ ) (1) 

r ( θ ) =

⎧ ⎪ ⎨ 

⎪ ⎩ 

R, θ < 3 π/ 2 − θ0 

R cos θ0 / sin θ 3 π/ 2 − θ0 < θ < 3 π/ 2 + θ0 

R, θ > 3 π/ 2 + θ0 

(2) 

Since the raw wheel-flat model presents discontinuities in the
rst derivative, a more physical model has been adopted. The

atter approximates the raw geometry with a smooth sinusoidal
unction and represents a rounded flat. Fig. 1 (b) shows a compar-
son between the raw wheel-flat model and the sinusoidal func-
ion model. In the figure, the defect depth is 1 mm , amplified by a
actor of 40 for visualization purposes. Fig. 1 (c) shows a compar-
son, in terms of deviation from the nominal circular profile and
ts derivative, between the raw wheel-flat model and the approxi-

ated one. Fig. 1 (c) curves are related to a 1 mm deep and 60 mm
ong defect. The sinusoidal approximation is primarily intended
o regularize the defect geometry for numerical simulations, en-
uring continuity and smooth derivatives, preserving the overall
efect depth and angular extent, and eliminating the abrupt slope
hanges at the defect edges. 

The simulations are based on two parameters: 

� d, depth of the defect, computed as the maximum of the d(θ )
function previously described; 

� L , longitudinal extension of the defect, directly related to the
angular sector θ through the formulation L = 2 Rθ . 

The constraint that links d and L to the angular sector θ main-
ains exactly the same ratio d/L in the definition of ‘raw wheel-
at’, while this constraint is removed in the simulations per-
ormed letting L and d be freely chosen around the nominal ratio
/L . 

.2. Results 

umerical simulations relied on the following parameters. 

� Vehicle: ETR1000 full coach. 
� Track profile: UIC 60, standard irregularity according to report

ORE B 176 [ 40 ]. 
� Speed (km / h ) : 100, 200, 300. 

A combination of wheel-flat length and height is run: the same
efects have also been reproduced in the full-scale tests per-
ormed on the Lucchini RS test bench (See Section 3.1 for further
nformation). It is important to stress that it is possible to choose
ength and height independently from each other due to the lo-
al cosine function adopted for modelling the wheel-flat (while, in
he raw wheel-flat definition, they should be strictly correlated).
he defect is applied only to the left wheel; the right wheel has a
tandard profile. Table 1 lists the names and dimensions of said
efects. 

As expected, the results of the multi-body simulations show the
resence of peaks in the vertical acceleration time history with a
eriodicity equal to the 1 ×Rev , i.e., first harmonic revolution, of
he wheel Fig. 2 (a). 

Table 2 summarizes the simulation results. It is worth under-
ining that WF2 data results are omitted since the corresponding
xperimental data suffered from damages due to a faulty cable.
n the presence of a wheel-flat, a significant increment of the
rest factor ( CF) value is observed, with a strong independence
rom speed since, as the latter increases, both the peak value
nd the root mean square ( RMS ) grow proportionally. The highest
eak values are obtained for WF4 but also for WF1, near 30 g.
robably this is due to the sharper profile of the wheel radius
erivative. The mathematical model adopted for simulations
ses an infinitely rigid wheel profile and does not allow for any

ocal deformation, a thing that would instead happen in a real-
ase scenario, decreasing the peak values caused by wheel-flat,
specially for small defects. 

The maximum peak value and the peak duration are computed
o set minimum requirements for an on-board measurement sen-
or, in terms of full scale and sampling frequency fsamp , respec-
ively. The peak duration is computed as the time interval between
he two half-power peaks (HPPs), consecutive values, to guarantee
 sampling frequency high enough to get at least one point inside
his interval. The minimum sampling frequency is therefore com-
uted through Eq. ( 3 ). 

fsamp min =
1 

peakdt 
(3)

The results of Table 2 indicate very high values of required sam-
ling frequency, such as 25 kHz for WF1 on a vehicle running at
00 km / h , which would be incompatible for the implementation
f an on-board sensor, due to the amount of data that would be
enerated. Thus, the downsampling procedure is adopted, to sim-
late the effect of digital acquisition and ultimately define the
inimum sampling frequency that well describes the signal with

o loss of information about the peaks. To do this, a statistical ap-
roach is employed where the probability Ptot of getting at least
ne peak in a certain time window of length Ttot is described by
q. ( 4 ), where p is the probability to place at least one sampled
oint in the time interval of the peak and it is computed through
q. ( 5 ). 

Ptot = 1 − (1 − p)
Ttot 

T1 ×Rev (4)

p = peakdt 

dt 
(5)

By considering different combinations of Ttot and fsamp , the ones
hat guarantee a probability Ptot > 99 . 9% are: 

� fsamp = 1,600 Hz and Ttot = 5 s ; 
� fsamp = 800 Hz and Ttot = 10 s . 

Fig. 2 (b) shows an example of downsampling at 800 Hz with a
omparison with the original signal: even though some peaks are
ost or partially sampled, others are correctly described. 

. Experimental tests 

he experimental tests are designed to validate, in a full-scale set-
ing, a wheel-flat identification algorithm based on time-domain
eatures computation on 1 ×Rev time windows. The experimental
ests were conducted on the BU300 roller rig test bench, which is
ocated in Lovere (BG), Italy, at the industrial facility of Lucchini
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Fig. 2. Numerical simulations: (a) vertical 1 s ABA time history at 300 km / h speed with a WF5 defect on the left wheel (orange) compared 

to the NO DEFECT right wheel (blue), and (b) effect of down-sampling: original signal from a WF5 simulation at 300 km / h (blue) compared 

with its down-sampled version at 800 Hz (red) 

Table 2. Numerical simulations: synthesis of the results computed on the vertical acceleration signals 

Defect name Speed ( km / h ) RMS 1 ( g) Peak ( g) CF 2 ( g) Peak duration ( ms ) Minimum fsamp ( Hz ) 

100 0.28 1.25 5.25 − −
No defect 200 0.66 2.76 4.16 − −

300 1.22 5.23 4.30 − −
100 0.37 8.09 21.90 0.08 12,500 

WF1 200 0.92 19.93 21.74 0.07 14,286 
300 1.50 32.51 21.65 0.04 25,000 
100 − − − − −

WF2 200 − − − − −
300 − − − − −
100 0.36 4.85 13.44 0.28 3,571 

WF3 200 0.97 12.35 12.71 0.17 5,882 
300 1.60 22.13 13.80 0.14 7,143 
100 0.49 7.36 14.92 0.28 3,571 

WF4 200 1.22 18.61 15.22 0.17 5,882 
300 1.92 31.84 16.57 0.15 6,667 
100 0.33 3.07 9.19 0.68 1,471 

WF5 200 0.91 8.21 9.01 0.26 3,846 
300 1.59 15.96 10.05 0.20 5,000 

Note: 1 Root mean square. 2 Crest factor. 
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RS. In this section, the test bench with the measuring set-up is 
described, along with the test schedule and the testing procedure 
adopted. 

3.1. BU300 test bench 

A picture of the BU300 test bench can be seen in Fig. 3 . On the 
rig, a full-scale train wheelset is put in rotation by means of the 
contact with two disks with a 2 m diameter having a profile equal 
to the standard UIC60 . The two disks are rigidly connected and 

driven by a DC motor, which allows a maximum peripheral speed 

of 300 km / h . A set of hydraulic actuators imposes the vertical (Q1 
and Q2) and lateral (Y) load, and a set of electro-mechanical ac- 
tuators is used for the lateral positioning of the wheelset with re- 
spect to the rail (Z1 and Z2) (see Fig. 3 ). The test bench can repro- 
duce multiple conditions, constant speed, acceleration and brak- 
ing, both on tangent tracks and in curved conditions. The BU300 
full-scale roller rig has been extensively employed in previous in- 
vestigations on railway dynamics. It has been used for calibrat- 
ing instrumented wheelsets under realistic loads [ 41 ], reproduc- 
ing near-service rolling contact fatigue conditions [ 42 ], optimizing 
actuator forces for accurate wheel–rail contact [ 43 ], and validat- 
ng models for wheel wear prediction and derailment behaviour 
 44–46 ]. 

.2. Experimental set-up 

he tested wheelset had a nominal wheel radius of 0 . 46 m , and
he vertical actuators Q1 and Q2 were set to +70 kN . Two tri-axial
iezoelectric cabled accelerometers were cemented on a rigid 

upport on top of the axle-boxes, thus on both the right and the
eft of the axle. The accelerometers model was 356A06 , with a full
cale of 500 g : the three directions of interest (vertical, longitudi-
al and lateral) are thus acquired without saturation issues. BNC
ables allow bringing the signal to an amplifier, from which the
ignal was acquired employing the National Instrument acqui- 
ition modules NI9234 . The adopted sampling frequency ranged 

rom 2 . 5 kHz to 25 kHz . 

.3. Test conditions 

ailway wheelsets were tested in the conditions indicated in 

ables 3 and 4 . The wheel flats were artificially created through
rinding processes. 
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Fig. 3. The Lucchini RS BU300 full-scale roller rig 

Table 3. Experimental tests of wheel-flat defects, with dimensions 

Defect name Length Height Distance 
(mm) (mm) (km) 

WF1 10 2 ×10−2 −
WF2 30 2 ×10−2 −
WF3 30 5 ×10−2 −
WF4 30 8 ×10−2 −
WF5 60 8 ×10−2 −
WF3 + Wear 7 30 5 ×10−2 12,200 
WF5 + Wear 7 60 8 ×10−2 12,400 

Table 4. Experimental tests of wear parameters 

Defect name Run distance ( km ) 

No Defect 0 
Wear 1 150 
Wear 2 400 
Wear 3 2,870 
Wear 4 5,530 
Wear 5 7,550 
Wear 6 11,770 
Wear 7 12,000 
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Fig. 4. Experimental tests pictures: (a) WF3 defect with length 

of 30 mm and approximate depth of 0 . 05 mm , (b) WF5 defect of 
length 60 mm and approximate depth of 0 . 1 mm , and (c) mechan- 
ical probe used for measuring defect depth 
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For wheel-flat investigation, seven different conditions were
ested, listed in Table 3 . Five of them are identified by the length
nd the width of the defect and have the same dimensions as the
nes of the numerical simulations (Table 1 ). In the last two condi-
ions, the wheel-flat defect has been coupled with the wear phe-
omenon; thus, the information regarding the kilometres run by
he wheelset is added. From now on, wheel-flat test conditions
ill be described as WF , coupled with a number that identifies its

ncreasing size. Two examples of a tested wheel-flat can be seen
n Fig. 4 . 

A set of experimental tests was run on a healthy wheelset,
llowing for gathering data where no defects are induced and
nly with increasing levels of run kilometres. These tests will
e addressed as Wear (Table 4 ), coupled with a number that
dentifies the increasing number of kilometres. The label No De-
ect refers to data collected from a brand-new wheelset, before
ny kilometres had been run. To ensure that the resulting wear
onditions are as realistic and representative as possible, each
est phase was preceded by running the wheelset along a mixed
rack composed of tangent sections and curves at various speeds,
losely following the methodology adopted in previous studies
 44 , 45 ]. This approach, while not involving direct measurement
f the wheel profile, aims to replicate the in-service evolution
f wear through controlled but operationally relevant mileage
ccumulation. 

For each condition, several speeds were tested in tangent track,
rom 50 km / h to 300 km / h , but the identification analysis will be
howed in the following only: 100 km / h , 200 km / h and 300 km / h .
nce the acquisitions were concluded, as mentioned before, the

ests labelled WF2 were found damaged and were thus discarded
nd not processed. 

. Defect identification features 

ll vibration signals obtained during the tests are analysed
hrough a specifically developed algorithm, and the conclusions
xtracted from the numerical simulations are tested on the new
et of experimental data. 

.1. Raw data analysis 

heel-flat data are analysed in the time domain. Fig. 5 presents
ertical acceleration time histories corresponding to one second
f acquisition under different wheel-flat conditions. Figs. 5 (a) to
d) show the signals for the WF4 defect at 50 km / h , 100 km / h ,
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Fig. 5. Experimental tests, vertical ABA time histories over 1 s in the presence of wheel-flat defects: (a)–(d), WF4 at 50, 100, 200 and 

300 km / h , respectively, and (e)–(h), WF5 at 50, 100, 200 and 300 km/h 
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200 km / h and 300 km / h , respectively, while Figs. 5 (e) to (h) re- 
fer to the WF5 defect at the same speeds. In both cases, an in- 
crease in defect severity (from WF4 to WF5 ) at the same speed 

results in a noticeable increase in the amplitude of the acceler- 
ation peaks. Furthermore, speed itself exhibits a non-monotonic 
influence on peak amplitude: for each defect size, the ampli- 
ude increases from 50 to 100 km / h , but then decreases progres-
ively at higher speeds, namely at 200 and 300 km / h . The found
rend has already been discussed in published works, though 

n terms of wheel-rail contact force [ 47 ]. The study explores
ith numerical investigation wheel-flat induced peak wheel–

ail contact forces from 0 to 400 km / h : the results show an in-
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Fig. 6. Experimental tests, vertical ABA time histories over 1 second in the presence of WF5 defect at 100 km / h : (a) effect of downsampling, 
original signal at 25 kHz (yellow), downsampled at 2 . 5 kHz (red), and 800 Hz (blue), and (b) effect of low-pass filtering, original signal 
(yellow), filtered at 1 . 25 kHz (cyan), 800 Hz (blue), 400 Hz (red), and 200 Hz (black) 
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reasing trend of the latter with speed, reaching saturation at
00 to 120 km / h , followed by a decrease with further increase of
he speed. Simulation results of Ref. [ 48 ] also confirm the same
rends. 

In any case, the signals suggest that low speed is more suitable
o study wheel-flat effects on vibrational signatures. 

The effects of filtering and downsampling are studied, for the
ake of validating the outcomes of the numerical simulation re-
ults, to establish the minimum requirements for an on-board
ensor acquisition for field data. WF5 at 100 km / h is considered
s a sample case and a raw downsampling effect is obtained
y applying a linear interpolation between the original signal,
ampled at 25 kHz , and a time vector with a broader resolu-
ion. In Fig. 6 (a), the acquisition, performed with a sampling fre-
uency of 25 kHz , is compared with the same signal downsam-
led at 2 . 5 kHz and 800 Hz . By looking at these time histories,

t is clear that in both cases it is possible to get at least one
ull peak in 1 s time history. Low-pass filtering is instead applied
hrough a second-order Butterworth filter with different cut-off
requencies. The filtered signals are superimposed on the original
ime history in Fig. 6 (b). The plot shows how using a cut-off fre-
uency between 800 Hz and 1 . 25 kHz has a slight effect on peaks
rominence, while filtering at 200 Hz has a huge effect on peaks
eduction. 

To sum up, a minimum sampling frequency of 800 Hz is re-
uired for any accelerometer sensor in the axle-box to measure

mpulses related to wheel flats, having care to use a cut-off fre-
uency not lower than 400 Hz . This outcome validates the con-
lusions drawn from the numerical simulation (See Section 2.1.2),
llowing the employment of a relatively low sampling frequency. 

On the other hand, WF5 shows the highest values in
erms of peak, with almost 30 g, overturning the simula-
ion results in Table 2 . A full scale of at least 30 g is
hus needed to correctly sample a high wheel-flat dimension
ffect. 

.2. Features extraction 

he following principle lays the foundation for features extrac-
ion on the acquired signals: the acceleration signal contribution
elated to the presence of the wheel-flat is periodic with the wheel
evolution, i.e., all the information on the defect is present in the
cceleration signal of a single wheel revolution. In a real case sce-
ario, the same signal also contains components uncorrelated to
he presence of the defect, e.g., track irregularities or impacts of
nsulated joints, that need to be filtered out. To do this, the knowl-
dge of the rotational speed allows for cutting each acquisition
nto many sub-windows 1 ×Rev period long, all correlated to one
nother. This allows building of a statistically significant dataset
here a single event, as a joint impact, would be considered an
utlier. 

Firstly, data are pre-processed by downsampling at 2 . 5 kHz
nd are low-pass filtered according to the Nyquist principle,
uch as to simulate the acquisition of an on-board acceleration
ensor. 

Secondly, each acquisition is cut into windows a fundamental
eriod long. 

To do this, the wheel rotational frequency is identified by em-
loying, with a slight modification, cepstral analysis, which is well
escribed for railway application in the work of Baasch et al. [ 37 ]
nd carefully explained in Ref. [ 49 ]. Specifically, the power cep-
trum is computed according to Eq. ( 6 ): 

Cf (t) =
∣∣∣F−1 

(
log 

(∣∣FFT ( ACF) 
∣∣2 ))∣∣∣2 , (6)

where ACF is the autocorrelation function of the time accel-
ration signal. Thus, the cepstrum is the square of the inverse
ourier transform of the logarithm of the square of the power
pectrum. The ACF signal allows for obtaining an attenuation of
hose components that are not periodic (such as noise or non-
ocalized irregularities). Once the cepstrum of the ACF is com-
uted, narrow peaks at frequencies multiple of the fundamen-
al period are shown (see Fig. 7 ). The fundamental periodicity is
ound simply as the time instant at which the maximum peak in
he cepstrum function occurs Eq. ( 7 ). 

T1 ×Rev = max (Cf (t)) , (7)

The algorithm is run independently on the three measured di-
ections (longitudinal, lateral, and vertical), and the results are
ross-checked to eliminate wrong identifications. For the spe-
ific case of these tests, the output of the cepstral analysis f1 ×Rev 

Eq. ( 8 )) is accepted if lying within a ±5% interval with respect to
he nominal frequency fnom 

(Eq. ( 9 )) used on the test bench acqui-
itions. 

f1 ×Rev = 1 
T1 ×Rev 

(8)
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Fig. 7. Example of cepstrum analysis. Cepstrum function com- 
puted from the three-direction ABA signals of a test at 100 km / h 

with a WF5 defect 
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fnom 

= Vnom 

2 π · 3 . 6 · R 

(9) 

In Eq. ( 9 ), R is the measured radius of the tested wheels (see 
Section. 3.2 ), whilst Vnom 

is the nominal linear speed in km / h . If 
the condition is verified, the results are averaged among the di- 
rections and the final value is assigned to the fundamental pe- 
riod. From a single acquisition, Nwind number of windows are cut,
each of them containing the information about a single wheel 
revolution: 

Nwind =
Ttot 

T1 ×Rev 
, (10) 

where Ttot is the time length of a generic test time history and 

T1 ×Rev is the time length of the single window. 
For each window, the following time features are 

computed. 

� RMS . This shows the overall mean power of the signal. 
� CF . This identifies peaks with respect to the RMS . Being a 

dimensionless index, it focuses on the identification of the 
shape of the signal itself regardless its amplitude. 

� Wheel-flat severity index ( WFI) . This index allows quantifica- 
tion of the presence of peaks in the signal whilst keeping its 
dependence on the overall amplitude of the signal and peaks.
It is a dimensional index firstly defined in Ref. [ 26 ] and follows 
Eq. ( 11 ). 

WF IW 

= max (Xi ) − RMSW 

, (11) 

where W indicates the generic time window, Xi its relative 
time history and max is the maximum amplitude of the said 

window. 

5. Results 

Fig. 8 (a) reports the statistical characterization of the three 
selected indicators—CF , WFI and RMS —for wheel-flat defects,
across the three tested speeds: 100, 200 and 300 km / h . For each 

condition, the mean and standard deviation of the indicators are 
represented with error bars, providing insight into both central 
tendency and data dispersion. Fig. 8 (b) presents the same statis- 
tical quantities for the datasets affected by profile wear, enabling 
an assessment of how wear influences the behaviour of each in- 
dicator. 

The number of available samples used for the statistical com- 
putation is also shown in the first row of each figure. These values 
re critical to interpreting the reliability of the computed statis-
ics, as they indicate the number of fundamental-period windows 
xtracted from the acceleration signals under each condition. It is
orth noting that the number of samples increases with speed, as
igher train speeds result in a larger number of revolutions within
he fixed time window used for signal acquisition. This increase
n sample count contributes to reduced statistical uncertainty 
nd better representation of the distribution for higher-speed 

atasets. 
Additionally, it should be observed that the datasets for WF4

nd WF5 contain a noticeably higher number of samples com-
ared to the others. This is due to an update in the acquisition
chedule, which allowed for more signal repetitions in these spe-
ific conditions. Despite the larger sample sizes, the associated 

tandard deviations do not show significant deviations from the 
eneral trend, indicating a consistent feature behaviour and vali- 
ating the comparability of these classes with the others. 

From the statistical plots, several relevant observations can be 
ade. First, the dispersion of the feature values—as indicated by

he standard deviation—tends to increase with speed. This is par-
icularly evident for the 300 km / h datasets, where all three in- 
icators exhibit higher variability. This phenomenon can be at- 
ributed to increased dynamic complexity and greater sensitivity 
f the measurements to external perturbations at high speed (e.g.,
heel-roller interaction noise). 
Second, when analysing the wear datasets, a clear trend 

merges. As the cumulative kilometres of operation increase—i.e.,
ith increasing profile wear—there is a consistent rise in the RMS

alues of the vertical acceleration. A similar trend is observed in
he WFI , likely due to its significant dependence on RMS . In con-
rast, the CF feature appears less sensitive to wear progression,
howing only a slight decrease at 100 km / h , suggesting that it may
e more effective in isolating localized defects such as wheel flats,
ather than broader changes induced by wear. 

The extracted features are inspected in two-dimensional plots: 
F vs. RMS and WFI vs. RMS . Wheel-flat presence is tested by com-
aring the signals both in the complete absence of defects, i.e., the
o Defect dataset, and in the presence of wear, i.e., the WEAR
ataset (see Table 4 ). 

Figs. 9 (a) to (c) show the 2D features representation CF vs RMS ,
omparing the different levels of wheel-flat with the No Defect
ondition for each tested speed. In Figs. 9 (d) to (e), the same plots
re shown using the 2D feature plot representation WFI vs RMS . 

A significant effect arises from the presence of WF. Both rep-
esentations are able to catch a noteworthy difference between 

he No Defect and the most severe wheel-flat level. The effect of
he presence of wear on wheel-flat identification is also investi-
ated, by studying the trend of the Wear datasets. Figs. 10 (a) and
b), show the 2D features representation CF vs. RMS and the WFI
s. RMS at one of the test case speed, 100 km / h . The plots compare
he different levels of wheel-flat with the Wear condition, show-
ng promising results for a clear distinction between the different
atasets based on the selected features. The wear on the wheel
rofile has a considerable effect on the vertical acceleration RMS,
s increasing level of wear leads to increasing RMS on the vertical
cceleration, with a slight reduction of CF values. 

To quantify the ability of each feature to properly distin-
uish between different defect levels and gain comprehensive 
onclusions, a pairwise overlap analysis was performed on the 
ata distributions for each indicator. The goal of this analy-
is is to evaluate the separability of the classes by estimating
ow much the statistical distributions of different defect levels 

ntersect. 
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Fig. 8. Statistical analysis of time-domain indicators. Mean and standard deviation of CF, WFI and RMS values for different speeds and 

defect levels: (a) wheel-flat datasets at 100, 200 and 300 km / h , respectively, and (b) profile wear datasets. The number of samples used 

for each condition is indicated at the top of each plot 
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The methodology is based on non-parametric Kernel Density
stimation (KDE) to estimate the probability density function
PDF) of each defect class. For each pair of classes, the overlap
oefficient was computed using the following definition: 

Overlap =
∫ 

xcommon 

min ( f1 (x ) , f2 (x )) d x (12) 
here f1 (x ) and f2 (x ) are the estimated probability den-
ity functions of two defect classes, and xcommon denotes the
ange over which both distributions are defined. The integrand

in ( f1 (x ) , f2 (x )) captures the common area under the two curves
t each point x . The resulting overlap coefficient ranges from 0 (no
verlap, perfect separability) to 1 (complete overlap, no discrimi-
ative power). This metric offers an intuitive and quantitative way
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Fig. 9. 2D feature distribution at different speeds: (a) to (c) CF vs. RMS, and (d) to (f) WFI vs. RMS; (a) and (d) 100 km / h , (b) and (e) 200 km / h , 
(c) and (f) 300 km / h . Data points are coloured by defect level: black for No Defect , light blue for WF1, pink for WF3, green for WF4 and 

lilac for WF5. Each point corresponds to a feature value computed over a single wheel revolution 
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to assess the effectiveness of each feature in distinguishing be- 
tween defect classes. 

The results of this analysis are shown in Fig. 11 , where sub- 
plots (a), (b) and (c) correspond to the overlap coefficients for the 
CF , WFI and RMS indicators, respectively. Each matrix plot dis- 
plays the pairwise overlap coefficients between all defect classes,
allowing direct comparison of the discriminative potential of each 

feature. Lower values in the overlap matrix suggest better separa- 
tion and therefore higher diagnostic relevance. 

The computed overlap coefficients offer a quantitative confir- 
mation of the qualitative trends that can be observed in the fea- 
ture spaces. Notably, the speed of 100 km / h consistently emerges 
as the most favourable operating condition for wheel-flat identi- 
fication. At this speed, both WFI and RMS demonstrate excellent 
discriminative power: the overlap coefficient between WF4 or WF5 
and the No Defect condition is effectively zero, indicating com- 
plete separability of these classes. Furthermore, the presence of 
wear does not significantly affect the feature distribution for these 
defect levels, confirming the robustness of the indicators under 
varying profile conditions. Even the WF3 level exhibits promising 
separability, with overlap values low enough to support reliable 
detection. 

At 200 km / h , the performance of the features shows a moder- 
ate degradation. Only the most severe defects—WF4 and WF5 —
maintain a sufficiently low overlap with the No Defect class to al- 
low for confident identification. For lower defect levels, increased 

data dispersion and reduced signal-to-noise ratio likely contribute 
to higher overlap values and lower discriminative capacity. 

At 300 km / h , the identification capability further deteriorates. 
In this regime, only the most critical defect condition, WF5 , re- 
mains clearly distinguishable from the healthy cases. The over- 
lap coefficients for all other classes show substantial intersec- 
tions, which compromise classification accuracy. These results 
align with the previously observed increase in feature variability 
at higher speeds and support the notion that low-speed acquisi- 
tion is preferable for fault detection based on vertical ABA time 
indicators. 

Additional insight is gained from the evaluation of compound 

defect conditions, where both wheel-flat and wear are simultane- 
usly present. Specifically, the WF3 + Wear 7 and WF5 + Wear
 cases were analysed. Results confirm that at 100 km / h and 

00 km / h , the WF5 + Wear 7 condition remains clearly distin-
uishable from all No Defect and wear-only cases, demonstrat- 
ng the resilience of the proposed features even under combined
efect scenarios. This suggests that severe wheel-flat defects are 

dentifiable regardless of advanced wear, at least up to moderate 
perating speeds. Conversely, for the WF3 + Wear 7 condition,
ome overlap persists, particularly at higher speeds. 

Overall, WFI and RMS consistently outperform CF in terms of
lass separability across speeds and wear conditions. This con- 
rms their suitability for robust wheel-flat detection, especially 
nder low-speed operating regimes. At the same time, CF seems
ore insensitive to RMS variations. Indeed, Fig. 11 (a) confirms how
F4 and WF5 show extremely low overlap with all No-defect con-

itions. 

. Discussion 

he correct reproduction of the time profile of the impulse asso-
iated with each defect amplitude, thanks to the test bench, cou-
led with the carried-out analysis, allowed us to define correctly
he needed specifics for an on-board vibration sensor for railway
heel-flat identification. 

� A monoaxial vertical accelerometer can be sufficient for the 
identification of wheel-flats. 

� By looking at Fig. 5 (b), ±50 g can be considered a good choice
for the full scale, as no more than 30 g is measured also in
WF5 condition. 

� Real-scale experimental tests on a test bench confirmed that 
a minimum sampling frequency of 800 Hz is required for any 
accelerometer sensor in the axle-box to measure impulses re- 
lated to wheel-flat presence. 

� This study allows cutting each signal into fundamental- 
period long windows without the need for an encoder. This
opens the possibility of designing a compact sensor easily fix-
able to the axle-box of a wheelset, without the need for fur-
ther hardware and further energy consumption. 
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Fig. 10. 2D feature distribution at 100 , km / h : (a) CF vs. RMS, and (b) WFI vs. RMS. Data points are colour-coded by condition: black for No 

Defect , light blue for WF1, pink for WF3, green for WF4 and lilac for WF5. Asterisks indicate measurements on nominal profiles; squares 
indicate measurements on worn profiles. Magenta, green, orange, blue, yellow, red and turquoise represent increasing wear levels (Wear 
1 to Wear 7). Pink and lilac squares highlight WF3 + Wear 7 and WF5 + Wear 7 conditions, respectively. Each point corresponds to a 
feature value computed over a single wheel revolution 
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The conducted study presents a great number of advantages.
he algorithm is straightforward to implement on a micro-
ontroller, as it involves standard computational procedures. The
eveloped approach greatly helps in significantly reducing the vol-
me of the collected data (thus required memory storage) while
reserving the features generated by the wheel-flat. For example,

f we record vertical ABA at a sampling rate of 2 . 5 kHz over 10 s ,
e will gather 25,000 data points. By applying our method with
 vehicle travelling at 100 km / h (where the wheel, with a 0 . 45 m
adius, rotates approximately at 9 . 8 Hz , resulting in a rotation pe-
iod of about 0 . 1 s ), we obtain 100 windows for the signal. Con-
equently, we only require 300 data points (100 for RMS , 100 for
F and 100 for WFI) to accurately represent the original dataset.
his reasoning point is also a great step towards a good low power
onsumption strategy, as the data transmission phase of an on-
oard sensor with a micro-controller has been proved by some
f the authors in a previous work to be the most energy expen-
ive [ 50 ]. The low power consumption holds great potential for
dvancing affordable and extremely energy-efficient sensor node
ystems, which are necessary for applications with a large num-
er of sensors where electricity is not always available, such as
reight trains. 

As the time features are computed on windows a period of
evolution long, the algorithm can effectively filter out outlier
eaks not periodic with the wheel revolution, such as switches,
rossing and insulated joints. Furthermore, the algorithm allows
dentification of WF of short dimension, particularly at 100 km / h ,
ith 30 mm length, which becomes essential in terms of wheelset
aintenance (see 1 ). This has also been proven possible in the

resence of high levels of wear (12,000 km run). 
Finally, we acknowledge that the developed algorithm still

resents some challenges. It is designed to operate under sta-
ionary conditions, namely at constant vehicle speed. Testing
n multiple wheel flats is required, as they tend not to present
hemselves regularly spaced around the wheel. On the contrary,
eriodic OOR possible presence is not going to influence the
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Fig. 11. Statistical overlap analysis. Pairwise overlap coefficients for: (a) CF, (b) WFI, (c) RMS. Colour scale: dark blue indicates no overlap 

(0), yellow indicates complete overlap (1) 
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algorithm identification, as it is typically detected through an or- 
der analysis in the frequency domain [ 1 , 51–55 ]. While the pre- 
sented results provide a reference under controlled conditions,
the minimum identifiable wheel-flat severity may vary in field ap- 
plications due to the presence of track irregularities, which are 
not replicated on the test bench. Further validation on field ex- 
erimental campaigns is thus needed: monitoring of wheelsets in 

eld conditions has already started [ 56 ] and focus on defects is
lanned for the following studies. 

Moreover, the overlap-based analysis of feature distributions 
cross various defect sizes, speeds and wear levels has shown
he features’ suitability for robust wheel-flat detection, especially 
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nder low-speed operating regimes, and provides a solid founda-
ion for selecting and combining features in the development of
utomatic machine-learning-based classification algorithms. 

. Conclusions 

n the present paper, an extensive study on the identification of
ailway wheelset wheel-flat from on-board ABA measurements
as carried out. Starting from detailed numerical simulations
ith a multi-body model of a railway coach, a first estimate of how
heel-flat presence affects the wheels’ dynamic response was ac-

omplished. Time domain features were computed on numerical
imulation results. The minimum sampling frequency and full
cale, for an accelerometer of an on-board sensor, are estimated
s a function of the wheel-flat severity. 

Subsequently, experimental tests on a full-scale wheelset at the
ucchini RS BU300 test bench are described to validate the pro-
osed algorithm based on time-domain feature extraction. Data
btained for different wheel conditions at different speeds are
ampled, and the effect of filtering and downsampling is analysed
n experimental data. 

The time-domain features for the wheel-flat identification are
xtracted for each window of length equal to T1 ×Rev , cut from the
riginal acquisition. To do this, the revolution speed is directly
omputed from the ABA signals through cepstral analysis, with-
ut the aid of any encoder. The identification of wheel-flat pres-
nce is investigated through two-dimensional feature plots—CF
s. RMS and WFI vs. RMS —as well as through an overlap-based
nalysis, which quantifies the separability of defect classes under
ifferent operational conditions. The comparison with No Defect
ata leads to the conclusion that WF4 and WF5 are easily distin-
uishable, especially at low speed, i.e., 100 km / h . The same analy-
is is carried out with the addition of the WEAR phenomenon. The
atter, whilst significantly changing the results, let the condition

F5 still be detectable from the ones without defects. 
In conclusion, the combined analysis of statistical distri-

utions, feature space projections and pairwise overlap quan-
ification demonstrates the diagnostic relevance of vertical
cceleration-based indicators—particularly WFI and RMS—in de-
ecting wheel-flat defects. These findings highlight the impor-
ance of acquisition speed in condition monitoring and confirm
he potential of time-domain features for reliable, wear-resilient
ault identification in railway systems. 

This study builds the foundations for designing an on-board
BA measurements-based sensor for detecting railway wheel-flat.

n a real case scenario, data coming daily from on-board sensors
nstalled on a wheelset allows the creation of a solid database,
hich can be instrumental in the development of an automatic

dentification algorithm for condition monitoring and wheel-flat
resence prediction. In this setting, the challenge will be the iden-
ification of new feature thresholds that can highlight the pres-
nce of the defect. Indeed, we expect the latter to be different
rom the ones found through test bench experimental tests, where
he influence of train/track interaction, specific vehicle type and
ifferent load conditions is not present. For this, the integration
f a tailor-made algorithm for the particular vehicle becomes
ssential. 

Finally, as mentioned in the introduction, AB A measurements
an be employed in the identification of further wheelset defects
axle crack, OOR, wearing phenomenon, etc.), thus this project
pens the possibility of developing a complete low-power, com-
act on-board sensor for wheelset health diagnostics and defect

dentification. 
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