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Abstract. The early detection of rail surface defects such as squats, poor welds,
or wheel burns is important to prevent further rail deterioration. In this paper, a
methodology for acoustic monitoring of squats in the German railway network is
proposed based on the measurement of axle box acceleration (ABA) on the DB
noise measurement car (SMW) and the previously developed numerical model
WERAN for wheel/rail interaction. Specific characteristics of squats in the ABA
signals are determined with the model and verified by pass-by measurements
combined with direct geometry measurements of the squats. Based on these re-
sults, a logistic regression classifier is devised for the detection of squats in the
measured ABA signals of the SMW. Trained with simulated and measured data,
the classifier identifies all of the known severe squats and 87% of the known light
squats in the measured test data.

Keywords: Acoustic monitoring, Squats, Axle box acceleration, Wheel/rail in-
teraction, Time-domain modelling, Noise measurement car, Machine learning.

1 Introduction

The early detection of rail surface defects such as squats, poor welds, or wheel burns is
important to prevent further rail deterioration caused by large impact forces. Surface
defects can be detected and measured optically by dedicated measurement trains, by
ultrasound measurements or by visual inspection. These procedures give information
about the geometry of the defect but cannot directly assess the severity in terms of the
generated contact forces. Furthermore, early-stage defects are difficult to detect by
these methods. An alternative to these direct measurements is the analysis of acoustic
signals registered by monitoring systems on rolling stock. When the wheel rolls over a
surface defect of the rail, the surface discontinuity leads to a relative motion of wheel
and rail, causing vibrations and noise [1,2]. The discrete nature of the event and the
generated large amplitudes distinguish the phenomenon from rolling noise and provide
opportunities for the detection of the surface defect in vibration or noise signals. Both
axle box acceleration (ABA) and under-coach noise measurements can be used for this
purpose. An advantage of such monitoring systems is that the measured quantity is



directly related to the wheel/rail contact forces indicating the severity of the rail faults.
A prerequisite for detection is, however, that the surface defect passes through the
wheel/rail contact area. Defects located outside the running band cannot be captured.

Only a few publications deal with the detection of rail faults by acoustic monitoring
on rolling stock. These include the detection of squats [3] and rail welds [4] in ABA
signals and the detection of squats by under-coach noise measurements [5]. The most
promising approaches apply detailed time-domain models of the rolling contact to de-
termine the specific characteristics of the faults in the ABA signals and exploit the sim-
ulation results to devise a detection procedure. In the case of squats in the Dutch railway
network, high hit rates could be achieved with this strategy even for light squats [3].

A similar methodology is proposed in this paper for the detection of rail faults in the
German railway network with the main focus on squats. The methodology is based on
ABA measurements on the noise measurement car (SMW) [6] of DB Systemtechnik
presented in Section 2 and the numerical model WERAN for wheel/rail interaction and
noise [7,8] described in Section 3. After adaption to the SMW, WERAN is applied to
calculate the ABA signals due to squats of different severity and for different track
parameters to find characteristic signatures in the time domain or in the time-frequency
domain allowing to identify the fault (Section 4). In addition, a measurement campaign
on a particularly bad track with several squats has been carried out providing measured
signatures of squats in combination with direct geometry measurements of the faults
(Section 5). Based on the simulated and measured results, a logistic regression classifier
is devised to detect squats in the measured ABA signals of the SMW (Section 6).

2 Noise measurement car “Schallmesswagen”

The noise measurement car SMW (Fig. 1a) is employed to guarantee low rail roughness
and hence a reduction in rolling noise on track sections called “specially monitored
track” [6]. For this purpose, the SMW measures its own rolling noise. When the rolling
noise reaches the intervention limit, the rails are acoustically ground. The rolling noise
is measured with a microphone mounted above a hole in a semi-anechoic chamber di-
rectly above the measurement bogie (Fig. 1b). The wheels of the measurement bogie
are unbraked and specially maintained to ensure low wheel roughness and thereby elim-
inate the influence of the wheel roughness on the rolling noise. Recently, the wheelsets
of the measurement bogie have been equipped with accelerometers on the axle boxes
(Fig. 1c). Vertical ABA is measured on all four axle boxes (and lateral ABA on two of
them) with a sampling rate of 20 kHz. As the SWM travels about 50,000 km a year on
the German railway network, it provides a large database of recordings.

Fig. 1. Noise measurement car of DB Systemtechnik (a) equipped with a microphone above the
measurement bogie (b) and accelerometers on the axle boxes of the measurement bogie (c).



3 The model WERAN

WERAN (WhEel/RAil Noise) is a non-linear time-domain model for the calculation of
wheel/rail interaction and noise [7,8], which includes a detailed 3D submodel of the
wheel/rail contact based on Kalker’s variational method [9]. Nevertheless, it is compu-
tationally efficient and allows for large parameter studies. This is achieved by employ-
ing a Green’s function approach. Vehicle and track are represented by Green's functions
that are pre-calculated from the receptances at the contact point by inverse Fourier
transform. Instead of performing a time integration, the wheel and rail displacements
are obtained by convoluting the time series of contact forces with the Green's functions.
The Green’s function of the track is a moving Green’s function that includes the motion
of the contact point on the rail [7]. The ABA signal is determined in a post-processing
step by convoluting the contact forces with the Green’s function calculated from the
transfer receptance between the contact point on the wheel and the axle box.

Due to the Green’s function approach, WERAN is easily coupled to different vehicle
and track models as long as they are linear and time-invariant. In this study, the track
model is the finite element (FE) model accounting for discrete supports presented
in [10]. The model comprises a 60E2 rail represented by Rayleigh—Timoshenko beam
elements. The discrete supports consist of railpads and sleepers on ballast. The vehicle
model includes a complete wheelset of the SMW comprising the axle, two wheels of
type BA093 and two brake disks, see Fig. 2. The primary suspension is also included,
while all vehicle components above the primary suspension are represented as a static
preload. The axle boxes are not modelled. Instead, it is assumed that the acceleration at
a point on the axle 8 cm from the axle end approximately corresponds to the axle box
acceleration. The wheel radius is 469 mm corresponding to a reprofiled wheel (while a
new wheel has a radius of 475 mm). The wheelset is modelled by 3165 axisymmetric
finite elements using a commercial FE software. With this undamped FE model, the
eigenfrequencies and eigenmodes have been calculated up to 10 kHz. Since a measure-
ment of the transfer function from contact to axle box was not available, the modal
damping has been determined from the measured radial and axial wheel receptances at
the contact [11]. Modes that could not be identified in the measurements (involving in
particular modes with axle bending which have higher damping) were assigned the ap-
proximate damping values proposed by Thompson [1]. The measured receptances were
also used to update the eigenfrequencies while the eigenmodes were not changed. From
this modal basis, the Green’s functions of the wheelset were calculated.

(b)

Fig. 2. Flexible wheelset model of the SMW: half of the 2D mesh of axisymmetric elements (a)
and 3D visualization of the eigenmode at 244 Hz (b).




WERAN can consider both vertical and lateral wheel/rail interaction. In this study, only
vertical wheel/rail interaction is included since this is considered sufficient for the ex-
citation by rail surface defects.

4 Simulated signatures of squats

To determine the specific characteristics of squats in the ABA signals, a parameter
study has been carried out with WERAN. The rail model has been adapted to the aver-
age measured track receptance from left and right rail at the shunting yard Munich
North, see Section 5. This led to a rail pad stiftness k=400 MN/m, rail pad damping
60 kNs/m, ballast stiffness k=200 MN/m and ballast damping cv=100 kNs/m. The
sleeper distance was 0.6 m. The center of the squats was placed at a quarter of the
sleeper bay at the top of the rail. In all simulations, the train speed was 80 km/h.

4.1 Squat modelling

The squats were modelled according to the following formula presented in [12]:

z,(x,y) = —%(1 + cos (n (g)z + (%)2>>, X,y € {x,y: (g)z + (2—/)2 < 1} D),

where /£ is the squat depth, and a and b are the half-length and half-width, respectively.
An example of a 3D squat shape is given in Fig. 3, along with different longitudinal
profiles for the same squat depth.

- -40 -20 0 é() 40
(a) y, mm X, mm (b) X, mm

Fig. 3. Examples of squats according to Eq. (1): 3D shape for #=0.5 mm and a = b =25 mm
(a) and longitudinal profile at y = 0 for # = 0.5 mm and =5, 15, 25 or 35 mm ().

4.2  Influence of the squat dimensions

ABA signals for rolling over circular squats (i.e. a = b) with depths ranging from 0.1 -
1.4 mm and diameters ranging from 10 - 70 mm have been calculated. Except for the
shallowest squats, the squat diameter has a larger influence on the maximum ABA and
the shape of the ABA time signal than the squat depth. The influence of the squat di-
ameter for a squat of depth 0.5 mm on the ABA time series is presented in Fig. 4a,
where the center of the squat is located at position 0 m. When the wheel enters the squat
zone, unloading occurs in the contact force, leading to a decrease in acceleration. The
subsequent impact entails a strong peak in the acceleration. The larger the squat diam-
eter, the larger the peak magnitude and the width of the peak. The corresponding power



spectra in Fig. 5a reveal that the dominating frequencies in the signals are in the main
independent of the squat diameter. Leaving aside the smallest squat whose length cor-
responds to the length of the contact area, the ABA levels are also similar at high fre-
quencies above 700 Hz. Below larger differences occur.
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Fig. 4. Time series of ABA for rolling over a squat of depth 0.5 mm for different squat diame-
ters: ..... 10 mm, -.-. 30 mm, ---50 mm, — 70 mm (a); and for different rail pad stiffnesses:

... 55 MN/m, -.-. 135 MN/m, --- 400 MN/m, — 800 MN/m, with squat diameter 50 mm (b).
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Fig. 5. Power spectrum of ABA for rolling over a squat of depth 0.5 mm for different squat di-
ameters: ..... 10 mm, -.-. 30 mm, ---50 mm, — 70 mm (a); and for different rail pad stiffnesses:
... 55 MN/m, -.-. 135 MN/m, --- 400 MN/m, — 800 MN/m, with squat diameter 50 mm (b).

4.3  Influence of the railpad stiffness

The influence of the rail pad stiffness ranging from very soft pads (55 MN/m) to very
stiff pads (800 MN/m) is shown in Figs. 4b and 5b for a squat of depth 0.5 mm and
diameter 50 mm. The softer the pads, the higher and narrower the first peak in the ABA
time series. In the spectrum of the contact force (not shown here) a change of the rail
pad stiffness leads to a shift in frequency of some of the peaks. Due to the resonant
behavior of the wheelset, these frequency shifts are not prominent in the spectrum of
the ABA signal. The main response is still at the same wheel modes. The level of the
ABA spectrum is influenced by the rail pad stiffness mainly below 1 kHz.

5 Measured acoustic signatures of squats

In order to provide measured signatures of squats and data for validation of the model
WERAN, a measurement campaign was carried out at the Skm-long northern passing



track at the shunting yard Munich-North in March 2019. The detailed geometry of three
severe and four light squats was measured with the rail roughness measurement device
RM1200E proving 1.2m-long roughness lines with a longitudinal resolution of 0.5 mm.
Up to 11 parallel roughness lines with a distance of 3 mm have been measured for each
squat. A severe squat (squat A) and a light squat (squat B) that were located on the right
rail are presented in Fig. 6, together with roughness lines through the squat centers.

Fig. 6. Photograph of severe squat A (a) and light squat B (b) at shunting yard Munich North.
Corresponding squat profiles at midline (c): — squat A, -.-. squat B.

In addition, the vertical track receptance was measured on the right and left rail at a
location 40 m from squat A and 1.3 km from squat B. It differed considerably between
the two sides of the rail (not shown here) and is expected to vary along the track. Eight
days later, pass-by measurements were carried out with the SMW. For four pass-bys in
the main travelling direction and four in the opposite direction at 80 km/h, ABA signals
were recorded on the SMW. At the time of the pass-by measurements, the rail at squat A
had been equipped with an emergency fishplate connector for safety reasons.
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Fig. 7. Time series of ABA for rolling over squat A (a) and B (b): four measured pass-bys in
the main travelling direction at 80 km/h (grey, different line styles) and simulation (black line).

As seen in Fig. 7, the measured ABA signals show good repeatability between pass-
bys. Based on the measured squat geometries of squat A and B, WERAN has been used
to predict the ABA signal. Here, the rail model was adapted to the track receptance
measurement at the right rail. The comparison of simulated and measured signals is
presented in Fig. 7 in terms of the ABA time signal and in Fig. 8 in terms of the spec-
trogram. The model predicts well the magnitude and width of the first ABA peak, but
the simulated response is too highly damped. The measured and simulated spectro-
grams show similar patterns for the positions from -0.6 m to +0.6 m around the squat
where roughness/geometry was measured. Some of the peaks appear, however, shifted



in frequency, e.g. the measured peak at 1.4 kHz appears at 1.2 kHz in the simulated
response. These differences are mainly attributed to the uncertainty about eigenfrequen-
cies and damping of the wheelset modes involving bending of the axle, which could
not be measured, see Section 3. Additionally, the rail receptance at the squat may have
differed from the one at the measurement position, and the emergency fishplate con-
nector at squat A has not been modelled.
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Fig. 8. Spectrograms of ABA for rolling over squat A (a) and B (b): simulation (upper row)
and one selected measured pass-by in the main travelling direction (lower row) at 80 km/h.

6 Detection algorithm

As seen in Sections 4 and 5, the impact at the squat leads to a temporary increase in the
ABA signal over a wide frequency range. For the same wheelset, the main excited fre-
quencies are relatively independent of the squat dimensions and the rail support prop-
erties. Against this background, a pattern recognition algorithm based on machine
learning seems a promising strategy to detect squats in the ABA signals of the SMW.
A logistic regression classifier [13] predicting ‘squat’ or ‘no squat’ from the spectro-
gram of the ABA signal containing 93 x 29 acceleration values in dB (spatial resolution
1 mm, frequency resolution 22 Hz, overlap 95%) has been trained using in total 18,427
spectrograms of simulated and measured data. Applied on the measured ABA signals
from the shunting yard Munich-Nord, the algorithm classifies spectrograms from all
three severe squats correctly in all eight pass-bys. This corresponds to totally 28 squat
passages since the signal from one axle box was corrupted and squat passages were
discarded when the train velocity deviated more than 5% from the targeted 80 km/h.
Concerning the four light squats, the spectrograms are classified correctly in 87% of
the totally 31 squat passages. For the test of each squat, all data from this specific squat
were removed from the training data. The algorithm also detects deteriorated insulated
rail joints as ‘squats’. Presumably, discrimination between squats and insulated rail
joints would be possible when more data of insulated rail joints were available. Besides
insulated rail joints, only a few (possibly) false alarms occurred. On two 250 m test
sections of the measured signals, totally four ‘squats’ were detected at positions were
no squats had been found in the visual inspection. Practically, these can all be discarded
due to low peak accelerations below 40 m/s?.



7 Conclusions

In this paper, the acoustic signatures of squats in the ABA signals of the DB noise
measurement car SMW have been determined from measurements and simulations with
the model WERAN. Good agreement has been found between both. Based on these
results, a logistic regression classifier to detect squats in the ABA signals of the SMW
has been proposed. It achieves high hit rates for both severe and light squats. More data
must, however, be collected to discriminate squats from deteriorated insulated rail
joints.
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