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Improvements in Axle Box Acceleration
Measurements for the Detection of Light
Squats in Railway Infrastructure
Zili Li, Maria Molodova, Alfredo Núñez, Senior Member, IEEE, and Rolf Dollevoet

Abstract—Squats are a type of short-wave rolling contact fatigue defect whose early detection can contribute to
cost reductions in the railway industry. This paper demonstrates how the early detection of squats is possible via
enhanced instrumentation based on axle box acceleration (ABA) and adequate postprocessing. Three improvements are discussed. The ﬁrst corresponds to the use
of longitudinal ABA to enhance measurement sensitivity
to light squats. Compared to vertical ABA, longitudinal
ABA does not contain the vibrations of the rail, fastening, sleepers, and ballast, and thus, the impact-related
vibration is considerably stronger in the signal. The second improvement considers the use of multiple sensors,
noise-reduction techniques, and repeated measurements.
Due to hunting, the wheels of a measuring train do not
always pass over small squats; thus, light squats are more
likely to be detected using multiple sensors and multiple
measurement runs. The third improvement concerns the
signal-processing solution for the reduction of disturbances from wheel defects. Extensive ﬁeld measurements
show that these improvements make the characteristics of
squats more visible in signals and allow the squats to be
distinguished from vibrations of other origins.
Index Terms—Axle box acceleration (ABA), rail transportation maintenance, railway monitoring, surface defects
on railway rails.

I. I NTRODUCTION

D

IFFERENT condition-monitoring systems have been developed recently in the railway industry to ease the process of manual inspection [1]–[5]. Currently, the most widely
used method for monitoring railway tracks is ultrasonic testing [6]. However, this method, only reliably detects severe
defects with cracks deeper than 5 mm. Other methods, such
as visual inspection [7], alternating current field [8], image
recognition [9], strain gage instrumented wheel [10], acoustic
detection [11], and guided-wave-based health monitoring [12],
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TABLE I
R EPORTED I MPLEMENTATIONS OF ABA S YSTEMS

have been proposed, each of which has different advantages in
terms of cost, reliability, and robustness. This paper focuses
on the use of axle box acceleration (ABA) measurements. In
previous studies, accelerometers have been used for modeling,
monitoring, and control in different systems (see, for example,
[13]–[16]). In the case of railway track monitoring, this type
of sensor has succeeded in the detection of severe corrugation,
welds, and poor-quality insulated joints [17]–[19]. The main
advantages of the ABA compared to other railway conditionmonitoring systems are its lower cost, ease of maintenance,
and implementation in trains running at commercial speeds. In
Dutch railways, vertical ABA was employed to detect defects,
such as severe corrugation and poor-quality welds. In other
countries, such as Japan [19], Poland [20], Italy [21], and Korea
[17], ABA systems have also been implemented for the analysis
of railway track defects. For a better understanding of the stateof-the-art use of ABA for monitoring railway infrastructure, a
summary of past research is provided in Table I.
This paper addresses the use of ABA for the detection of
squats, which are a major type of short-wave rolling contact
fatigue. Squats may cause rail fracture and catastrophic consequences if not treated in time. Previous studies on the use
of ABA for the detection of squats have revealed that the
existing ABA instrumentation and signal processing must be
improved to increase the hit rate of detection for light squats;
this paper discusses such improvements. The first improvement
considers the use of longitudinal ABA to enhance measurement
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sensitivity to light squats [24]. In the analysis of railway wheel
vibrations using the hammer test, the frequency contents of
the transfer function obtained in the longitudinal direction are
stronger than in the vertical direction between 820 and 2200 Hz.
Hence, the frequency contents above 1000 Hz of ABA are
stronger in the longitudinal ABA signal for light squats, which
is consistent with a previous report [25] that frequencies up
to 2000 Hz are related to squats. The second improvement
considers noise-reduction techniques for the multiple signals
coming from different ABA sensors and repeated measurements. Multiple sensors and repeated measurements are used to
reduce the effects of hunting, which reduces the hit rate for the
detection of smaller defects when the wheels do not pass over
them. Finally, we address a typical practical problem induced
by wheel defects. In practice, wheel defects have a repetitive
pattern; thus, this paper discusses how noise-reduction methods
can be used to reduce their effect on ABA signals.
Extensive field tests of different Dutch tracks have shown
that these improvements made the characteristics of squats
more visible in ABA signals. The improvements discussed in
this paper are the basis of an enhanced ABA prototype. A
detection method based on wavelets was previously proposed
using this prototype; however, the fundamentals behind the
implementation of this prototype have not yet been discussed.
The improvements discussed in this paper allowed for the
implementation of more efficient detection algorithms and forecast models for defects, which are essential components of any
health-monitoring and fault detection system for the different
components of the railway infrastructure [24]–[32].
II. M ONITORING F RAMEWORK FOR R AILWAY
I NFRASTRUCTURE U SING ABA M EASUREMENTS
The proper frequency content of an ABA measurement can
be used to improve the detection of light and moderate squats.
Several techniques are available to investigate the frequency
content of signals, but not all of these techniques provide accurate information. Wavelet analysis is used in this paper because
the time and frequency resolutions are high. Wavelet analysis
has already been reported as an appropriate method for the
investigation of nonstationary phenomena with local changes in
the frequency components, such as structural damage detection
and crack identification [22], [33]. To formalize the monitoring
tasks of railway network infrastructure, we represent the condition of the track at an interval time T and location x with the
nonparametric response function HT,x (f ), which is given by
the wavelet power spectrum (WPS) in the frequency domain f .
The railway track system is shown in Fig. 1.
When the track is in healthy conditions, the function will
present local maxima and minima corresponding mainly to the
natural responses of the track. Those natural responses differ
for each track, different type of sleeper, and between slab and
ballasted tracks. We define the healthy response of a track
as HT,R (f ), which is valid for tracks with similar structural
characteristics. When the function HT,x (f ) at a certain location x differs significantly from the defined healthy response
HT,R (f ), the frequencies that concentrate most of the energy
will provide information about the type of irregularity around

Fig. 1. Track conditions are assessed via signal-processing methods
using onboard measurements.

location x at time t. To estimate HT,x (f ), a set of onboard
measurements y(t) are available at t ∈ T : the position of the
train x(t) (given by a GPS), the velocity of the train v(t), and a
set of ABA measurements a(t) in the vertical and longitudinal
directions collected in different bogies.
This paper considers two responses: longitudinal ABA, i.e.,
L
V
(f ), and vertical ABA, i.e., HT,x
(f ). To calculate both
HT,x
responses from the measurements, the wavelet coefficients are
defined as follows [34]:


(1)
HT,x (f ) = Wn2 (s)
 

N
−1

(n − n)δt
Wn (s) =
xn ψ ∗
(2)
s

n =0

where xn is a time series with a time step of δt , n is the
time index, n = 0, . . . , N − 1 is the time shift operator, ψ is
a mother wavelet, which is a locally limited function, ψ ∗ is a
family of wavelets deduced from the mother wavelet by different translations and scaling, ∗ indicates a complex conjugate, s
is a wavelet scale, s > 0, and Wn (s) are wavelet coefficients.
In this paper, the Morlet function is used as a mother wavelet.
The wavelet scale is related to the Fourier period (or inverse
frequency). The wavelet transform can also be considered as a
linear filtering operation that involves a set of parallel filters.
The plot of the frequency response HT,x (f ) for an interval of
consecutive positions x ∈ X is termed a scalogram. A vertical
slice of a scalogram for a given distance x is the function
HT,x (f ), which provides a measure of the local spectrum. For
simplicity, we directly discuss the scalograms in this paper. The
next section analyzes the design methodology and the use of
longitudinal ABA in particular.
III. D ESIGN M ETHODOLOGY I NCLUDING L ONGITUDINAL
ABA M EASUREMENTS
A. Use of Longitudinal ABA Measurements
The purpose of using longitudinal ABA is to detect light
squats/indentations whose lengths are typically 10–30 mm. For
a normal traffic speed of 140 km/h (or 39 m/s) and for the
speed of the measuring train (100–110 km/h), light squats cause
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Fig. 3.

Fig. 2. (a) Schematic of the new instrumentation setup for ABA measurements. (b) Implemented prototype.

frequency contents of 1–4 kHz for the forced vibration/impact
part. The instrumentation setup for ABA measurements is
shown in Fig. 2.
When a wheel runs over a squat, the vibrations due to
the impact are excited and transferred to the wheel axle. The
frequency contents related to squats can be extracted from
the ABA measurements, and a decision is made regarding the
presence of a defect and its severity. We used general-purpose
uniaxial piezoelectric accelerometers in the implementation.
The dynamic range of the accelerometer was above the maximum ABA magnitude of 700 m/s2 . The sampling frequency
of the ABA measurements was 25.6 kHz. As our interest is
frequencies up to 2.5 kHz, this sampling frequency is sufficient
for accurate measurements. GPS coordinates were measured
with a sampling frequency of 1 Hz, synchronized with the
ABA and interpolated to 25.6 kHz. ABA was installed on the
nondriven axle to reduce noise coupling from the drive system.
Different track components affect the ABA measurements in
different ways. For a more theoretical background, including
deduction of the wheelset–track system transfer function, [13]
is suggested. In Fig. 3, a short-wave defect causes an impactlike wheel–rail interaction. As the purpose is to detect impactrelated events, signal components that are not characteristic of
impact are considered noise. The resulting vibrations measured
in vertical ABA include those of the bearing, wheelset, rail,
railpad and fastening, sleeper, ballast and subgrade. In contrast,
in longitudinal ABA, the vibration only includes those of the
bearing and wheelset. Due to axial symmetry, the vibrations
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Measured vibrations of an impact-like wheel–rail interaction.

of the bearing and wheelset contained in the longitudinal ABA
should be nearly the same as in the vertical ABA. Many of the
vibrations of the rail, railpad and fastening, sleeper, ballast, and
subgrade are also excited by normal wheel–rail rolling contact
and are thus not characteristic of short-wave defects (noise for
the detection of squats). For example, the noise from elastic
deformation of the subgrade is in the low-frequency range
and thus does not affect detection [25], [26]. However, many
of the high-frequency vibration modes of the wheelset can
only be substantially excited by impact-like wheel–rail contact.
Therefore, longitudinal ABA contains less noise and is more
sensitive to light squats/indentation defects.
B. Theoretical and Practical Analysis of Vibration Modes
of the Wheel
One method to prove the concept that longitudinal ABA has
a higher signal-to-noise ratio at squats than vertical ABA is by
performing hammer tests on the wheel and investigating the
transfer function between the load applied at the wheel rim
and the response measured at the axle box. In this manner,
the transmission of vibrations from the wheel–rail interface to
the axle can be analyzed. For a better understanding of the
vibrational modes of the wheel, consider Fig. 4, in which the
lateral, vertical, and longitudinal directions are denoted by z, y,
and x, respectively.
Theoretically, the vibrational modes of a wheel can be obtained by stress-free FE modal analysis, considering a single
wheel and half of the axle. The wheel modes of interest and
their classification are shown in Fig. 4, where the red and blue
colors indicate the maximum amplitudes of the vibrations in
opposite directions of the axle. The theoretical resonant modes
of the wheel are symmetrical or antisymmetrical in the x−y
plane about the axle at which accelerations are measured.
The hammer test is an impact test conducted on the wheel
in which the impact load and accelerations on the axle of
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Finite-element (FE) model of the wheel and wheel mode shapes; colors indicate displacement along the axis directions.

the wheel are measured to calculate the frequency response
function. The impact load applied with a hammer was measured
with a force sensor in the hammer. The response of the wheel
was measured with accelerometers mounted on the axle on
the vertical and longitudinal directions. The load was applied
to the wheel rim in the vertical direction. Fig. 5 shows that
the transfer function obtained in the longitudinal direction is
stronger than that in the vertical direction between 820 and
2200 Hz. Hence, the frequency contents in this range in the
case of light squats should be stronger in longitudinal ABA.
The transfer function shown in Fig. 5(b) is called inertance,
which is, by definition, acceleration [m/s2 ] divided by force [N],
where the unit [m/N · s2 ] is equivalent to [1/kg]. A standard
procedure using hammer tests was conducted to obtain the
inertance [35]. First, the wheel was excited five times with the
hammer, and the average force F (t) and average acceleration
from the sensors a(t) were calculated to reduce random error.
Then, the measured signals were transformed into the frequency
domain by fast Fourier transform, and the inertance function
I(jω) was calculated as follows:

I(jω) =

N N −m−1
a[m + n]F [m]e−jωn
SaF (jω)
n=1
m=1
= N
N
−m−1
SFF (jω)
F [m + n]F [m]e−jωn
n=1
m=1
(3)

where SaF is the cross spectrum between force and acceleration, SFF is the autospectrum of the force, N is the number of
data points sampled, and ω = 2πf , with f being the frequencies in hertz. The frequency range of the inertance function
is defined by the hammers used and the applicability of the
measured data, which, in this case, cover frequencies between
50 and 3000 Hz.

In the case of longitudinal and vertical accelerations (xand y-directions, respectively), axial symmetry of the wheel
permits some correlation with squats (in the plane of the wheel).
In fact, in the region of interest between 400 and 2000 Hz,
we can observe a correspondence between many of the peaks
and dips of both vertical and longitudinal signals in Fig. 5(b),
meaning that there are many excited modes in common. In
normal operating conditions, the wheel is loaded in the vertical
direction, resulting in a higher vibration magnitude than in
the case in which the wheel is lifted up for the hammer test.
However, during the hammer test measurements in Fig. 5(a),
the wheel was lifted (at the bogie frame), and thus, the wheel
load was only the weight of the wheelset, which is considerably
less than the typical load of the train. Hence, the system was
“theoretically” under the investigated unloaded condition with
no noise from the vibrations of the track components, and longitudinal ABA has higher sensitivity to the impact of the hammer
in the high-frequency range. In theory, the sensitivity of vertical
and longitudinal ABA should be equal due to axial symmetry.
The lower sensitivity of vertical ABA can be attributed to the
fact that the wheelset hung on the bogie frame through the
first suspension, which included damping from the damper and
rubber pads. Under normal loading conditions, this concept
was later proven in the field with extensive measurements. In
this sense, the loading of the wheel is not the most influential
factor; thus, the mounting position of the vertical sensor on
the highest loading path of the wheel or less-loaded location
should not significantly change the resulting signal. Fig. 5(b)
shows that the longitudinal response is between one and ten
times the vertical response in the frequency range of interest,
i.e., 1000–2500 Hz, depending on the modes of the wheel. In
longitudinal ABA, the response is theoretically purely due to an
impact; thus, the sensitivity can be defined as 100%. However,
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Fig. 5. (a) Hammer test on the wheel, from which (b) inertance is
calculated.

in vertical ABA, the response to an impact consists of the
wheel vibration and the remainder excited by loading, and other
components are considered as noise.
Finally, in practice, for many ABA measurements
since 2009, the magnitude of longitudinal ABA at light
squats/indentation is higher than that of vertical ABA. For
example, in Fig. 6, at the same light defect, the magnitude of
longitudinal ABA is 1.4 times higher than that of vertical ABA.
A particularly important effect also occurs with the frequency
contents. As shown in Fig. 6, the WPS is considerably stronger
for the longitudinal ABA measurement. Due to this effect on
the power spectrum, the use of longitudinal ABA is significant
for improving the detection of light squats. In the case of
moderate and severe squats, whose related frequency contents
are different from those of light squats, the use of longitudinal
ABA increased the hit rate from 60% to 100% [26].
C. Additional Analysis and Remarks
Regarding the sensitivity of lateral ABA to squats, theoretically, it is not evident how the vibrations caused by the impact
at squats can be transmitted from the wheel–rail interface to the
axle in the lateral direction. A squat causes an impact to a wheel
in the vertical direction, which induces forced vibration of the
wheelset. The mode shapes of the wheelset can be classified
into two groups: wheel modes and axle modes. According to
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[36] and [37], all wheel vibration modes are symmetric or antisymmetric with respect to the axle. Thus, squat-induced wheel
vibration can be measured in both the vertical and longitudinal
directions on the axle box. According to [37], the axle modes
can be classified into three groups: flexural, torsional, and
compressional. Flexural modes are excited by vertical impacts
and have components in the x- and y-directions, whereas this
component will be small or zero in the z-direction. Torsional
modes are nonsymmetric with respect to the wheel and axle
and have no components in the z-direction. Compressional
modes are indeed mainly in the lateral (z) direction but have no
components in the longitudinal or vertical directions; thus, the
likelihood of excitation by a vertical force is small. Therefore,
in summary, the vibration modes excited by a vertical force
are mainly in the vertical (x−y) plane; thus, the sensitivity
for lateral acceleration to measure squats is lower than that of
longitudinal ABA.
In our approach, to keep the concept flexible, we do not
propose an optimal mounting position for the sensor because
there are different axle box structures in different rolling stocks.
On some axle boxes, it might not even be possible to mount the
sensors in certain locations; in those cases, the use of triaxial
sensors at possible locations to measure both vertical and
longitudinal ABA would be suggested. Different arrangements
can give rise to different sensitivity of squats.
Regarding the coupling effects between the axle box and
piezoelectric elements, according to [38], different mounting
techniques of accelerometers such as cementing stud, wax, or
magnet will influence the frequency response only in the frequency range above 5 kHz, which is out of our frequency range
of interest. In the next section, noise reduction is discussed for
improvement of the signal-to-noise ratio.

IV. N OISE R EDUCTION IN ABA S IGNALS
To distinguish a small defect from noise, noise-reduction
techniques must be applied. Rompelman and Ros [39] presented a noise-reduction technique based on coherent averaging. The coherent averaging method is based on the principle
that the time signal measured immediately after applying a
stimulus contains an invariant response to the stimulus and a
noise component. When averaging a number of similar time signals, all invariant responses are systematically added, whereas
the random noise components are summed and tend toward
zero. Noise reduction becomes more effective when the number
of averaged samples increases.
For the application of an averaging technique, the exact
moment of each stimulus must be known. In the case of ABA
measurements, repeated signals were recorded on the same
track section and overlapped such that the responses at certain
short track defects began at the same location. To overlap the
signals, the cross correlation of the signals was calculated.
The cross-correlation function is a measure of the similarity
between two data sets and is often applied to determine the
time shift that maximizes the similarity of two data sets. One
data set is moved relative to the other, the corresponding values
of the two data sets are multiplied together, and the products
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Fig. 6. ABA measurements at a light squat using the prototype. The defect is located at approximately 18.167 km. (a) Vertical ABA measurement.
(b) Longitudinal ABA measurement. (c) WPS of vertical ABA. (d) WPS of longitudinal ABA.

are summed to give the value of cross correlation. The cross
correlation of two data sets xt and yt is expressed as follows:
ϕ(τ ) =



xk yk+τ

(4)

k

where ϕ(τ ) is the cross correlation, and τ is the displacement
of data set yt relative to data set xt . When two data sets
are nearly the same, the product is typically positive, and the
cross correlation is large. Two data sets might be dissimilar
when lined up in one way but might be similar when one set
is properly shifted with respect to the other; thus, the cross
correlation is a function of the relative shift between the sets.
To study the effect of averaging on noise reduction and, thus,
the detection of squats, a single measurement was compared to
the averages of three and six signals. In the example below, the
vertical ABA responses at four small rail surface defects were
investigated. The defects are shown in Fig. 7(a), one of which
(T1L) was located at a thermite weld. These defects appear
with periodicity of approximately 3 m; hence, they should have
originated from a hard object indented into the wheel. These

defects are studied because they may become a source of squat
initiation. However, the defects are extremely small, and their
detection is more difficult than the detection of mature squats.
To analyze the ABA signals, scalograms obtained based on the
WPS are considered [6], [40], [41]. In this paper, scalograms are
used to define the time–frequency relationship of squats with
the ABA signal. Fig. 7(b)–(d) presents scalograms of vertical
ABA measurements around the defects presented in Fig. 7(a),
with an indication of defect locations.
The red color represents a high signal energy level due to the
impact at a defect. In the scalogram of a single measurement
[see Fig. 7(b)], the responses at defects K and T1L have clear
frequency characteristics between 1000 and 2000 Hz. The red
area at the frequencies below 600 Hz at 8.8 m corresponds to
the thermite weld. The responses at defects J and L cannot
be easily distinguished from the noise. In the scalogram of
the average of three signals, the responses at J and L become
more pronounced [see Fig. 7(c)]. The frequency characteristics
at these defects are between 500 and 1500 Hz. Although there is
less noise in this signal, there are still some locations that can be
considered as a defect, such as, for example, at approximately
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Fig. 7. Scalograms of defects in (a) using (b) one, (c) three, and (d) six ABA vertical signals and (e) a scalogram of six averaged longitudinal ABA
signals. (a) Detected rail surface defects (trivial defects). (b) Single ABA vertical measurement. (c) Averaging of three ABA vertical measurements.
(d) Averaging of six ABA vertical measurements. (e) Averaging of six ABA longitudinal measurements.
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Fig. 8. (a) Severe squat after grinding at position 0 m and (b) light squat at position 5 m. (c) Vertical and (d) longitudinal ABA around two squats,
at positions 0 and 5 m, with repetitive peaks excited by a wheel defect. Scalograms of (e) vertical ABA and (f) longitudinal ABA around two squats,
at 0 and 5 m, with repetitive peaks excited by a wheel defect.
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Fig. 9.
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Vertical ABA and its scalogram after filtering out repetitive peaks excited by a wheel defect.

1.8 and 10.2 m. In the scalogram of the average of six signals,
the correspondence between defects and the ABA response
becomes evident [see Fig. 7(d)]. The scalogram in Fig. 7(e)
demonstrates the effect of using longitudinal ABA. Fig. 7(e)
shows the average of six longitudinal signals. The frequency
characteristics at defects in longitudinal ABA are between 600
and 2000 Hz. The signals below 600 Hz are clean (no red areas
are observed). Above 600 Hz, the response is stronger than for
vertical ABA in Fig. 7(d), as expected from the hammer test on
the wheel.
The sources of noise are different, with one of the most important related to the swing caused by bogie hunting. To reduce
its effect, the use of multiple measurements and repetitive signal
measurements increase hit probability. In this manner, the miss
hits generated when the wheel does not run completely over
the light squat are minimized. However, if the squat is not in
the middle of the rolling band, the hit likelihood is low, and
the likelihood to grow is also reduced. In the next section, the
influence of wheel defects on ABA measurements is discussed.
This problem is quite recurrent in actual measuring systems,
and thus, its automatic solution is important to recognize as
noise so that relevant signal components can be identified.

V. R EDUCTION OF W HEEL D EFECTS ON ABA
When a wheel is damaged, the measured ABA is affected.
From practical experience, optimal measurements can be obtained only after wheel reprofiling. Nevertheless, if the wheel

is damaged, the signals can still be used after some signal
processing.
Fig. 8 shows an example of ABA measured on wheel defects.
The signals have repetitive peaks, appearing at approximately
every 3 m. This signal was measured around two rail defects
[see Fig. 8(a) and (b)]; the larger signal was located at abscissa
0 m, and the smaller one was located at abscissa 5 m. The peaks
excited by the squats cannot be distinguished from the peaks
excited by the wheel defect in Fig. 8(c). However, longitudinal
ABA is less sensitive to wheel damage [see Fig. 8(d)], and
the ABA response to the larger squat can easily be observed
in the signal. There are also some repetitive peaks related to
wheel damage in the longitudinal signal, but their magnitudes
are smaller than the peaks in vertical ABA. Thus, longitudinal ABA is less affected by wheel damage, and signals
measured on the damaged wheel can still be used for squat
detection. To understand this result, we consider that wheel
defects are often larger than squats and have different sizes and
depths.
The typical length of a light squat or indentation is
10–30 mm. For a normal traffic speed of 140 km/h and for
the speed of the measuring train (100–110 km/h), frequency
contents of 1–4 kHz result for the forced vibration/impact part.
However, a wheel flat is often longer, shallower, and more
obtuse (with no “sharp” edge) than indentations/light squats,
causing lower frequency vibrations. In other words, light squats
cause higher frequency vibrations because their effects on the
signals are more like an “ideal” impact, which, in its perfect
form, has zero time duration.
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Fig. 10. Representative squat defects. (a) Light squat. (b) Moderate
squat. (c) Severe squat.

Fig. 8(e) and (f) shows scalograms of the vertical and longitudinal signals. For vertical ABA, the repetitive red areas at
frequencies below 250 Hz correspond to wheel damage. At 0 m,
there are also frequencies with increased energy from 1000 to
2000 Hz that correspond to the squat, but this response is weak
compared to the response to wheel damage. In contrast, in the
scalograms of longitudinal ABA [see Fig. 8(f)], the repetitive
response at frequencies below 250 Hz corresponding to wheel
damage is weak, and the responses to squats at position 0 m
is strong. The smaller defect is also indicated in the longitudinal signal at position 5 m by frequencies between 1000 and
2000 Hz. The other red areas in this plot, between −7 and −2
and 2 m, are related to other defects in the track. The response
related to wheel defects can be excluded from the vertical signals by either filtering the ABA signal in the frequency domain
by a stopband filter or by subtracting the specific repetitive
pattern from ABA in the time domain. These procedures do
not affect the detection of rail defects because the frequencies
related to squats are in different frequency bands than those
related to wheel defects.
Fig. 9(a) demonstrates the vertical ABA after removing the
repetitive pattern from the time-domain signal. The peak related
to the squat at position 0 m becomes clear. In the scalogram of
this signal [see Fig. 9(b)], the response related to the squat at
position 0 m is completely preserved even below 250 Hz, and
the small defect at 5 m can also be observed in the signal. Severe
wheel defects may cause strong noise in the ABA measurement.
Those cases are not considered in this paper, as such defects are
extremely damaging to the infrastructure and are avoided by
regular inspection and maintenance of the wheels.
VI. I MPROVED ABA S IGNALS FOR L IGHT, M ODERATE ,
AND S EVERE S QUATS
Fig. 11.

Here, from a large set of validated ABA measurements at
light, moderate, and severe squats, one representative case for
each class of squat is presented for discussion. Pictures of the
defects are shown in Fig. 10.
Moderate and severe squats can be recognized in Fig. 10
by the following characteristics: localized depression of the
contact surface of the rail head with a dark spot, widening of
the running band, and a shape of two lungs and cracks that start
to develop [see Fig. 10(b)] or are mature [see Fig. 10(c)]. The
light stage of squats may not bear some of these characteristics,
but light squats can be recognized by a dark spot on the surface
[see Fig. 10(a)].
As shown in Figs. 11–13, for light, moderate, and severe
squats, respectively, the signals considered are the ABA measurements of two wheels of the same axle (left and right); thus,

Light squat responses.

squat detection on both rails is possible. However, as shown in
Figs. 12 and 13, a severe squat on the “left” rail often can also
be observed in the signal of the “right” rail and vice versa. This
effect can increase the false alarm rate in a detection system.
For this reason, the strength of the signals on the two axle ends
should be compared separately to determine which rail (left or
right) is infected by a squat. Future work will seek to develop
intelligent algorithms to determine which rail (right or left) has
the defect. In practice, however, it is more important to obtain a
set of interesting locations to be evaluated by experts, who can
make the decision to grind or just replace the piece of rail when
many squats are found consecutively.
In Figs. 11–13, only two measurements are shown: two
processed signals and the WPS corresponding to the averaged
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Fig. 12.

Moderate squat responses.

signal. For the signals of squat A (see Fig. 11), the WPS of the
right longitudinal ABA signal is the strongest between 1000
and 2000 Hz (maximum magnitude 2.5 × 104). Thus, this
defect is expected to be located in the right rail. There is also a
peak in the right longitudinal signal. In the case of light squats,
longitudinal ABA is more sensible and eases detection.
For comparison purposes, the ABA signals at squats B and
C are also discussed. For both types of defects, the WPS of
ABA in both the longitudinal and vertical directions can be used
as an indicator for the presence of a defect. As expected, in
the WPS, the maximum magnitudes are at lower frequencies
than those for light squats, and the effects of the squats at
ABA can be seen in both the vertical and longitudinal ABA

Fig. 13.
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Severe squat.

signals. Multiple sensors reduce the likelihood of no hits due to
hunting; thus, with this prototype and adequate data processing,
the manual detection of moderate and severe squats reaches
100%. This concept has been verified on a large data set
with eight measurement rounds between 2009 and 2011; each
measurement round included three repetitive measurements on
two sections of track with lengths of 3 km.
VII. C ONCLUSION
In this paper, three improvements have been presented,
including enhancement of ABA instrumentation and signal
processing. The first improvement corresponds to the use of
longitudinal ABA to enhance measurement sensitivity to light
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squats, which are short-wave track irregularities. The second
improvement considers the use of multiple sensors, noisereduction techniques, and repeated measurements. The third
improvement concerns the signal-processing solution for the
reduction of disturbances from wheel defects. By using the
improved instrumentation, the hit rate for moderate squats by
manual data processing increased from 60% to 100%. By
utilizing longitudinal ABA and application of noise-reduction
techniques, the hit rate of small rail surface defects increased
from 57% to 85%.
Because small rail surface defects include trivial defects,
which are smaller than light squats, a higher hit rate may
be achieved for light squats. These improvements enable the
detection of squats at their earliest stage, when corrective maintenance actions can be taken. Utilization of this new measuring
system and timely grinding can reduce the number of squats by
85% or more [42]. Those preliminary results were obtained by
manual data processing.
Further research should extend the use of ABA for assessing
health conditions of other railway assets, such as insulated
joints, where misalignment of rail ends and bolt tightness are
invisible to the naked eye and therefore cannot be judged by
human inspectors. Other interesting applications could consider
the analysis of wheelburns, corrugation, welds, switch frogs,
and other track assets. The prototype will be further developed
so that it can be installed on revenue trains to monitor networks
at all times. This application will be particularly relevant for fast
degradations for which the monitoring interval of six months,
the most common practice with specialized measuring trains, is
not sufficiently short.
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