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Abstract— This paper describes an approach for characterizing the dynamic behavior of the vehicle/track interaction at
railway crossings. In the approach, we integrate in situ axle
box acceleration (ABA) measurements with roving-accelerometer
hammer tests to evaluate the influence of train speed, train
moving direction (facing and trailing directions), sensor position
(leading and rear wheels of a bogie), and the natural response
of track structure on ABA signals. The analysis of data from
multiple sensors contributes to the following findings: the major
frequency bands of the vertical ABA are related to the natural
frequencies of the crossing; thus, these ABA frequency bands
are not greatly affected by variations in train speed, moving
direction, and sensor position. The vibration energy concentrated
at the major ABA frequency bands increases at higher train
speeds, along the facing moving direction and from the leading
wheel. The crossing rails vibrate as a combination of bending and
torsion rather than solely bending at the major ABA frequency
bands, since the vibrations of the wing rails are not synchronized.
These results help enhance our understanding of the vehicle/track
interaction at crossings and can be used to improve the dynamic
response-based system for monitoring the condition of crossings.
Index Terms— Axle box acceleration (ABA) measurement, railway crossing, roving-accelerometer hammer test, track dynamics,
vehicle dynamics.

I. I NTRODUCTION

R

AILWAY systems are a major mode of passenger and
freight transportation worldwide. In the recent years,
the increased demands on railway systems, including higher
speed, greater capacity, and longer service time, have accelerated the deterioration of track infrastructure. In particular,
crossings deteriorate more quickly than plain tracks because
of the impact of the wheels on the rails [1] at geometric
discontinuities (e.g., the gap between the closure rail and the
crossing nose in Fig. 1). It is important to efficiently monitor
the condition of crossings so that maintenance measures such
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Fig. 1.

Schematic of a crossing.

as grinding and welding [2] can be used in a timely fashion
on deteriorated crossings.
In the Dutch railway network, crossings are inspected by
human visual inspection and ultrasonic measurement. Visual
inspection involves visiting the tracks or watching videos of
tracks, which requires a substantial number of man hours
for large-scale railway networks. Ultrasonic measurement is
better able to detect internal cracks but is not suitable for
rail surface defects [3]. To fill the gap between the increased
demands on the railway network and the low efficiency of the
current inspection methodologies, a prompt diagnostic system
is required.
Train-borne inspection systems based on axle box acceleration (ABA) measurement represent an automatic and efficient
method for condition monitoring of track infrastructure [4].
The ABA system has been used to assess both periodic
defects (e.g., corrugations [5] and wheel flats [6]) and isolated
defects (e.g., squats [7], worn welds, and insulated joints [8])
on plain tracks. The detection mechanism employed by the
ABA system relies on identifying changes in the characteristic
response with respect to the nominal condition. At crossings,
the application of the ABA system is more complicated
because the measured ABA signals reflect responses related
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Flowchart depicting the methodology in this paper.

to both inherent geometric discontinuities and undesirable
defects.
It was recently demonstrated that the ABA system could
identify certain types of crossing defects by properly correlating data from multiple sensors (ABA and 3-D profile
measurements) over time [9]. This feasibility study was conducted under controlled constant test conditions (e.g., fixed
train speed and moving direction), which rarely happen for
the real life implementation using in-service trains. Therefore, the influence of various test conditions on the ABA
signals must be studied to employ the system for condition
monitoring purpose. Previous studies have shown that the
characteristic frequencies of ABA on plain tracks are related
to the natural behavior of the track structure [10]. If this is
also the case at crossings, the natural response of crossings
and their relationship with ABA must be investigated because
the natural response can differ greatly between crossing
types.
In this paper, we analyze the characteristics of ABA at
crossings under various test conditions. These conditions
include train speed, train moving direction (facing and trailing
direction with respect to the crossing), sensor position (leading
and rear wheels in a bogie), and crossing natural response.
Several previous studies have examined ABA signals at crossings [11], [12], but they neither investigated the characteristics
of ABA under various test conditions and nor combined
ABA measurements with other methodologies (e.g., hammer
tests [13]) to study the vehicle and track dynamics. We aim to
fill this knowledge gap by correlating the ABA measurements
with a roving-accelerometer hammer test. We expect that
the results will not only enhance our understanding of the
dynamic vehicle/track interaction but also advance the utility
of the ABA system for condition monitoring of crossings.
Fig. 2 illustrates the methodology of this paper.
II. I N S ITU ABA AND H AMMER
T EST M EASUREMENTS
This paper uses in situ ABA and hammer test measurements.
The measurements were conducted on a nominal crossing of
the 54E1-1:9 type (with the UIC54 rail profile and a crossing
angle of 1:9). The train operational speed over the crossing is
limited to 40 km/h.

Fig. 3. (a) ABA measurement system with close-up views of the accelerometers and the GPS antenna. (b) Arrangement of accelerometers on a bogie.
Letters V and L denote accelerometers mounted in the vertical and the
longitudinal directions. (c) Moving direction of measurement coach. The
wheel moves from the closure rail to the crossing nose in the facing direction
and vice versa in the trailing direction.

A. ABA Measurement System
The ABA system includes three main components:
accelerometers, a GPS antenna, and a tachometer,
[see Fig. 3(a)]. Accelerometers were mounted on the
axle boxes of a bogie to record the ABA signals [Fig. 3(b)],
and the sampling frequency was set to 25.6 kHz. An ABA
signal up to 3 kHz can be accurately captured over a wide
range of speeds. A GPS antenna was installed on the train roof
to record the position of the train. In addition, a tachometer
was used to determine the train speed.
Table I lists the test scenarios for the ABA measurements. The ABA signals were acquired: 1) at two speeds,
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TABLE I
T EST S CENARIOS FOR THE ABA M EASUREMENT

Fig. 4. (a) Schematic of the ABA measurement. (b) Components of the
measured ABA.

28 and 36 km/h; 2) along two moving directions, facing and
trailing; and 3) from two wheels, 1 and 2. The ABA measurement was conducted with a measurement coach [see Fig. 3(a)],
which interferes with the regular train operation, and thus
limits the availability of the measurement. In total, only six
tests could be conducted and each scenario includes three
repeated tests, leaving the opportunity for specifying only two
train speeds. The speeds of 28 and 36 km/h were specified
because: 1) they must not exceed the limit of 40 km/h; 2) they
should significantly differ from each other to easily identify
their influence on the ABA; and 3) they should be high
enough to make the characteristics of ABA clearly observable,
as higher train speed generally comes with greater energy
concentration [10].
Fig. 4(a) shows a simplified model of the ABA measurement [14]. In the model, a wheel is simplified as a mass and
interacts with the rail by means of a Hertzian spring. The ABA
can be expressed as [14]
ÜW ( f ) = −

UG ( f )
MW [HW ( f ) − H R ( f ) − 1/K H ]

(1)

where MW is the wheel mass, K H is the linearized stiffness of
the Hertzian spring, UG ( f ) is the rail irregularity, and U R ( f )
is the rail displacement due to the dynamic component of the
wheel–rail contact force FH ( f ). HW ( f ) and H R ( f ) are the
transfer functions between the wheel–rail displacement and the
force FH ( f ).
Equation (1) indicates that the measured ABA contains
information for three components: the wheel, the track, and
their interaction [see Fig. 4(b)]. In practice, the measured
ABA signals may be affected by several interferences and
noise, which may come from: 1) randomness in the vehicle/track interaction arising from wheelset hunting oscillations; 2) interference from degraded vehicle/track components,

e.g., wheel flats; and 3) improper type selection and instrumentation of accelerometers.
The ABA signals were measured in the time domain.
However, it is not straightforward to extract the characteristic dynamic response only by analyzing the waveform and
the amplitude of the ABA signals. Frequency analysis is
required because it can provide crucial information that is
challenging to identify in the time domain. In general, the
majority of the conventional time–frequency analysis techniques can be classified into two categories: linear transform
(e.g., short-time Fourier transform (STFT) [15] and wavelet
transform (WT) [16]) and quadratic transform (e.g., Wigner–
Ville distribution (WVD) [17] and its variants). The STFT
uses a fixed window size such that a tradeoff must be made
between time and frequency resolutions. The WT employs
scaling and translating windows that can effectively preserve
the transient characteristics of a signal. However, the WT is
a nonadaptive method and the time–frequency presentation
relies on a predetermined basis, independent of the analyzed
signal. The WVD can provide a high resolution of the time–
frequency representation, but it is subjected to the interference
of cross-term. More sophisticated quadratic time–frequency
analysis methods have recently been developed to overcome
this drawback, such as the combination of the adaptive kernel
with the Bayesian compressive sensing techniques [18]–[21].
In Fig. 5, we compare the performance of four
time–frequency analysis methods, including the continuous
WT (CWT, nonadaptive linear method), synchrosqueezing
transform [22] (SST, nonadaptive linear method), WVD (nonadaptive quadratic method), and empirical mode decomposition [23] (EMD, adaptive method). The ABA signals
to be processed are measured with a sampling frequency
of 25.6 kHz, and the frequency of interest is 150–800 Hz.
In general, the WVD has the poorest performance due to
the cross-term interference. Note that the new methods as
proposed in [18]–[21] could tackle this drawback. The CWT,
SST, and EMD can extract the major characteristic frequencies
from the ABA. In this paper, the CWT is used because: 1)
the sampling frequency of the ABA is 25.6 kHz and the
interested frequency is 150–800 Hz, such that the limitation
of the CWT (low time resolution at very low-frequency range
and low-frequency resolution at very high frequency) can
be significantly reduced; 2) the capability of the CWT in
processing ABA signals has been demonstrated in the literature [7], [24], [25]; and 3) the ABA signals are not very noisy
due to the thorough type selection and the instrumentation
of accelerometers, and it is not difficult to distinguish the
characteristic frequencies.
To achieve a satisfactory time–frequency representation in
various complicated scenarios, many advanced techniques with
adaptive and automated features have been developed, such as
decomposition [26], [27], extraction [28]–[30] and enhancement [31], [32] of noisy, multivariate, multicomponent, nonlinear, and nonstationary signals as well as feature detection
(e.g., motor fault detection [33], disease diagnosis [34], and
contact wire irregularities [35]).
In the CWT, the convolutions of the analyzed signal are calculated with a group of scaled and shifted wavelet functions.
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Fig. 5. Time–frequency representation of the ABA with CWT, SST, WVD, and EMD. VABA1 and VABA2 indicate the major ABA frequency bands
at 265–305 and 510–600 Hz.

Fig. 6.

In situ hammer test. (a) Hammer and accelerometers. (b) Arrangement of accelerometers.

The wavelet coefficients Wn (s) of the analyzed signal x can
be represented as [16]

 
N−1

(n − n)δt
xn ψ ∗
(2)
Wn (s) =
s

n =0

where ψ is the mother wavelet, s is the wavelet scale, N is the
number of points in the time series, n  = 0, . . . , N − 1, δt is
the time step, n is the continuous variable for translation,
s is the wavelet scale, ∗ presents a complex conjugate, and
ψ ∗ [((n  − n)δt /s)] is the family of wavelets deduced from the
mother wavelet by different translation and scaling methodologies. Here, the Morlet function was used as the mother
wavelet. Thereafter, the wavelet power spectrum (WPS) was
calculated through the square of the wavelet coefficients
|Wn2 (s)|. To quantify the distributions of the WPS at each
frequency, the global WPS (GWPS) W̄ 2 (s) was calculated and
expressed as
W̄ 2 (s) =

N−1
1 
|Wn2 (s)|.
N

(3)

n=0

B. Setup of the Hammer Test Measurement
Impact measurements are commonly used to characterize
the dynamics of the track structure [36] and derive the parameters of the track components [37]. In the literature, several
impact methodologies are specified. For example, the track
vibrations in the low-frequency range (below 150 Hz) mainly

correspond to the track substructure components (e.g., subgrade and ballast) [38]; thus, the falling weight test [39] is
best able to provide sufficient energy to fully excite these components. In contrast, the track vibrations at 150–800 Hz are
closely related to the rails and track superstructure components
(e.g., fastening, railpad, and sleeper); these vibrations are best
tested using a sledgehammer with a soft tip. At higher frequencies (800–3000 Hz), the structural vibrations are dominated by
the rails, and thus a light hammer with a hard tip should be
used.
In this paper, an instrumented sledgehammer (PCB-086D50)
with a plastic tip was used [see Fig. 6(a)]. To record the
vertical vibrations of the crossing, seven accelerometers (Brüel
& Kjær 4514-004) were placed on the railhead and baseplate
using a magnet base. The hammer and accelerometers were
connected to a data logger (MBBM-PAK-MKII). The sampling frequency of the force and acceleration signals was set
to 4096 Hz, and the duration of the signals was set to 1000 ms.
In the literature, the natural behavior of railway tracks is
often measured at fixed positions [13], [40], [41]; two typical
positions are the on support and the midspan [42], [43]. This
simplified setup is appropriate for plain tracks, but is less
useful at crossings due to their complex structure and discontinuous geometry. This implies that the measured vibrations
may differ significantly at each sensor position, leaving the
dynamic behavior of the entire structure unclear. Therefore,
it is preferable to highlight the global nature of the crossing
by measuring the vibrations at many positions. The hammer test employs a roving-accelerometer approach [44]–[46].
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Schematic of the hammer test.

The impact occurred in the same position throughout measurements, while the accelerometers were rearranged seven times.
Fig. 6(b) shows the arrangement of the accelerometers. Using
the roving-accelerometer approach, the crossing vibrations at
49 positions were recorded, covering the length of six sleeper
spans (approximately 3.7 m).
Fig. 7 shows the model of the hammer test. In Fig. 7, p(t)
indicates the force signal, a(t) indicates the response signal,
while m(t) and n(t) indicate the interferences.
The frequency response function (FRF) can be calculated
using the cross input–output spectrum and the input autospectrum [47]
S p a  ( f )
.
(4)
H1 ( f ) =
S p p ( f )
In addition, the FRF can also be calculated by using the
output autospectrum and the cross input–output spectrum
H2 ( f ) =

Sa  a  ( f )
Sa  p ( f )

(5)

where S p a  ( f ) is the cross-spectrum between force and acceleration, S p p ( f ) is the autospectrum of the force, and Sa  a  ( f )
is the autospectrum of acceleration.
Under ideal test conditions, (4) and (5) should provide the
same results. However, the calculated FRF may be affected by
several interferences, the majority of which may come from
the following.
1) Improper type selection and instrumentation of the hammer and the accelerometers. For example, the response
curve of the hammer does not fit the frequency of
interest.
2) Random human factors, such as nonidentical impact
position and direction among tests.
3) The measured response a  (t) is interfered by external
inputs other than p(t), such as the passing of vehicles
nearby the test site.
4) The nonlinear relation between the input p(t) and the
response a(t), such as the nonlinear behavior of the
fastening and ballast.
The influence of the aforementioned interferences can be
indicated by the coherence function γ 2 ( f ), expressed as
γ 2( f ) =

|Sa  p ( f )|2
H1 ( f )
=
.
H2 ( f )
Sa  a  ( f )S p p ( f )

(6)

In practice, the coherence γ 2 is always greater than 0 while
less than 1. In the in situ hammer test, the analysis can be
regarded as high quality, if the value γ 2 exceeds 0.9.

Fig. 8.

Block exponential window function.

To reduce the leakage of the transient-type signals, a block
exponential window [48] is applied. The exponential window
can reduce the response at the end of the time period, while
leaving the response at the beginning unaltered. However,
the exponential window adds damping in the measured system,
and a pretrigger is commonly used to fully capture the
response. Thus, the exponential window is required only for
the last part of the response. By combining with a block
window, the response is not altered by changing the length
of the pretrigger and the added damping can be kept to
a minimum. Fig. 8 shows the window function, which is
expressed as

1
if t ≤ TB
(7)
w(t) = −(t −T )/τ
B
e
if t > TB
where TB is the length of the block and τ is the decay rate.
Here, the values of TB and τ were set to 100 and 150 ms,
respectively.
III. C HARACTERISTIC B EHAVIOR OF W HEEL –R AIL
I NTERACTION AT A C ROSSING
The ABA measurements were performed at a crossing with
various train speeds, moving directions, and sensor positions
to determine their influence on the characteristics of the ABA.
A. Train Speed and Moving Direction
In this section, we analyze the influence of train speed and
moving direction on the ABA signals. During the measurements, the train ran over the crossing at both train speeds
(28 and 36 km/h) and moving directions (facing and trailing
directions, see Fig. 3). The ABA signals were recorded from
the rear wheel (Wheel 2 in the facing direction and Wheel 1 in
the trailing direction) to avoid disturbance from nonidentical
test conditions.
Fig. 9(a)–(d) shows the vertical ABA (VABA) acquired from
the rear wheel. In Fig. 9, the origin of the abscissa aligns with
the crest of the peaks A and F. In general, the variation in train
speed does not greatly affect the waveforms of the VABA.
With the increase of train speed, the amplitudes of the VABA
increase by 30%–77% at arrows A–C in the facing direction
[Fig. 9(a) and (b)] and by 13%–38% at arrows D–F in the
trailing direction [Fig. 9(c) and (d)]).
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Fig. 9. VABA acquired from the rear wheel. (a)–(d) Time history. The solid line ( ), dashed line ( ), and dotted line ( ) indicate three independent
tests. (e)–(h) GWPS of VABA. Letters VABA1 and VABA2 indicate the major frequency bands at 265–305 and 510–600 Hz in the facing direction, while
at 240–290 and 505–545 Hz in the trailing direction. (i)–(l) WPS of VABA.

Fig. 9(e)–(h) shows the GWPS of the VABA while
Fig. 9(i)–(l) shows the WPS of the VABA. The GWPS was
calculated from the ABA signals between −28 and 28 ms
(equal to the rolling distance of 436 mm at 28 km/h and
560 mm at 36 km/h) to reduce the disturbance from vibrations
far away from the wheel–rail impact. The frequencies of
interest were between 150–800 Hz, because: 1) the lowfrequency components below 150 Hz are mainly relevant to
the track substructure components (e.g., subgrade and ballast)
rather than the crossing rails; and 2) the high-frequency
components above 800 Hz have much lower energy than the
lower frequency components, making them less visible at the
same scale.
At both the speeds, the major frequency bands of VABA
occurred at 265–305 and 510–600 Hz in the facing direction;
they shifted slightly to 240–290 and 505–545 Hz in the
trailing direction. This information indicates that these major
frequency bands are not greatly affected by variations in train
speed and moving directions. With the increase in train speed,
the GWPS acquired in the facing direction [Fig. 9(e) and (f)]

increases by approximately 54%–60% for the first major frequency band and by approximately 93%–107% for the second
major frequency band. Meanwhile, at the first major frequency
band, the GWPS in the facing direction [Fig. 9(e) and (f)]
increases by 129%–227% compared to the value in the trailing
direction [Fig. 9(g) and (h)]. Between the two directions,
the slight shift in the major frequency bands can be attributed
to different wheel–rail impact positions. That is, the wheel
impacts the crossing nose in the facing direction but the
wing rail in the trailing direction, thus affecting the dynamic
response of the system.
As shown in Fig. 9, the measured ABA signals demonstrate good repeatability among the three repeated tests of
all the scenarios with respect to: 1) the waveforms and the
amplitudes in the time domain; and 2) the major frequencies
and energy concentration in the frequency domain. Minor
deviations among tests can be attributed to the aforementioned
interferences, such as wheelset hunting oscillations.
Based on the analysis in Section III-A, we suggest that the
train speed and moving direction affect the characteristics of
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Fig. 10.
VABA from the leading wheel. The signals were acquired at
36 km/h in the facing direction. (a) Time history. The solid line ( ),
dashed line ( ), and dotted line ( ) indicate three independent tests.
(b) GWPS of the VABA. Letters VABA1 and VABA2 indicate the major
frequency bands at 275–285 and 530–620 Hz.

the VABA in the following ways.
1) The moving direction does not significantly affect the
major frequency bands of the VABA.
2) In both facing and trailing directions, variations in train
speed do not strongly influence the major frequency
bands of the VABA.
3) The energy concentrated at the major frequency bands
of the VABA depends on the moving direction.
4) The amplitude of the VABA and vibration energy concentrated at the major frequency bands increase with the
train speed.
B. Sensor Position
In this section, we compare the VABA acquired from
Wheels 1 and 2. The difference between the two wheels is that
Wheel 1 is the leading wheel in the facing direction, running
over the crossing ahead of Wheel 2; in contrast, Wheel 2
becomes the leading wheel in the trailing direction.
Fig. 10 shows the VABA acquired from Wheel 1 at 36 km/h
in the facing direction. The two major frequency bands of the
VABA occur at 275–285 and 530–620 Hz [Fig. 10(b)]. These
frequency bands are generally consistent with those from
Wheel 2 [265–305 and 520–590 Hz, see Fig. 9(f)]. However,
the leading wheel (Wheel 1) generally has a larger amplitude and higher vibration energy. For example, at arrow A,
the amplitude of the VABA for Wheel 1 [130–146 m/s2
in Fig. 10(a)] is 30%–35% larger than that for Wheel 2
[100–108 m/s2 in Fig. 9(b)]. As another example, at the first
major frequency band, the GWPS from Wheel 1 increases
by 21%–32% compared with Wheel 2. Deviations in the
amplitude, vibration energy, and major frequency bands of
the VABA between the two wheels can be explained by
randomness associated with the wheel–rail interactions, as well
as the different loading conditions. When the rear wheel
(Wheel 2) impacts the crossing nose, the latter is preloaded by
the leading wheel (Wheel 1), changing the mass participating
in the structural vibrations and the stiffness of the system
(e.g., worn fastening [49] and ballast [50]).
Based on the analysis in Section III-B, we suggest
that the sensor position has the following effects on the

Fig. 11. Comparison between the LABA and the VABA. The signals were
acquired from the rear wheel at 28 km/h. (a) and (b) Time history. The
solid line ( ), dashed line ( ), and dotted line ( ) indicate the LABA from
three independent tests, while the shadow solid line ( ) indicates the VABA.
(c) and (d) GWPS of the ABA. Letters VABA1 and VABA2 indicate the major
frequency bands of the VABA, while letters LABA1 and LABA2 indicate the
major frequency bands of the LABA.

characteristic VABA.
1) The different sensor positions do not significantly affect
the two major frequency bands of the VABA.
2) The leading wheel is associated with a larger VABA
amplitude and greater vibration energy.
C. Relation Between Longitudinal and Vertical ABA
It is illustrated in [7] that the longitudinal ABA (LABA)
is more sensitive to minor rail defects (e.g., light squats)
than the VABA. Therefore, a better understanding of the
characteristics of the LABA and its relationship to the VABA
will help with condition monitoring of crossings. In this
section, we analyze the characteristics of the LABA.
Fig. 11(a) and (b) compares the LABA and the VABA. The
maximum amplitude of the LABA is 67%–76% smaller than
the VABA in the facing direction and 58%–72% smaller in the
trailing direction. In addition, the variations in the LABA and
the VABA are not synchronized, as the maximum LABA
[arrow B in Fig. 11(b)] occurs prior to the maximum VABA
[arrow A in Fig. 11(b)]. This behavior can be attributed to the
complex wheel–rail contact geometry and the evolution of the
two-point contact (with one contact patch on the wing rail and
the other on the crossing nose) [51], which will be analyzed
in the further research.
Fig. 11(c) and (d) compares the GWPS of the LABA and
the VABA. The major frequency bands of the LABA occur
at 205–215 and 500–540 Hz in the facing direction and
at 200–210 and 540–560 Hz in the trailing direction.
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Fig. 12. GWPS of the LABA in the facing direction. The signals were
acquired from the rear wheel. The solid line ( ), dashed line ( ), and
dotted line ( ) indicate three independent tests. Letters LABA1 and
LABA2 indicate the major frequency bands.

Therefore, as with the VABA, the moving direction does not
significantly affect the major frequency bands of the LABA.
Fig. 12 compares the GWPS of the LABA between
28 and 36 km/h. In Fig. 12, the variations in train speed do
not strongly affect the major frequency bands of the LABA.
Meanwhile, with the increase of train speed, the GWPS of the
LABA increases by 111%–138% at the first major frequency
band and by 65%–133% at the second major frequency band.
Based on the analysis in Section III-C, we conclude the
following regarding the characteristics of the LABA.
1) The major frequency bands of the LABA are not
strongly affected by the moving direction.
2) Variations in train speed significantly affect the vibration
energy at the major frequency bands of the LABA rather
than the major frequency bands themselves, similar to
the VABA.
IV. R ELATIONSHIP B ETWEEN THE C HARACTERISTICS OF
THE ABA AND THE NATURAL R ESPONSE OF A C ROSSING
Previous studies have shown that the characteristic frequencies of the VABA correspond to the natural frequencies
of plain track structures [10]. Therefore, it is important to
understand the natural response of crossings to calibrate and
improve the ABA system.
The natural response of the crossing was determined based
on the roving-accelerometer hammer tests [see Fig. 6(b)].
Fig. 13 shows examples of the impact force and acceleration
signals for Tests 1–7. The starting point of the hammer impact
was aligned to 50 ms, as denoted by the dashed line ( ). In all
tests, the impact force had a duration of approximately 2 ms
and an amplitude of approximately 25 kN. Since it takes time
for vibration energy to propagate from the impact position
to the sensor position, the response of the crossing rail was
delayed with respect to the dashed line. The delay time varied
among the accelerometers depending on the distance between
the impact position and the sensor position. For example,
the delay time for Tests 1 and 7 was much longer than that
for Tests 3 and 4.
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The accelerance function was calculated using (4).
Fig. 14(a) shows the accelerance function. To highlight the
global nature of the structure, the accelerance calculated from
accelerometers S1–S4 [Fig. 6(b)] was averaged. Fig. 14(b)
shows the coherence function from accelerometers S1–S4.
At the frequency of interest (150–800 Hz), the coherence is
above 0.97. This demonstrates the reliability of the hammer
test, i.e., the aforementioned interferences and noise have little
effect on the hammer test.
In Fig. 14(a), four natural frequencies of the crossing, namely, 265, 490, 548, and 621 Hz, are dominant
at 150–800 Hz. Comparing Figs. 8–10 with Fig. 14(a), it is
observed that the crossing natural frequency of 265 Hz is
near the first major VABA frequency band of 240–305 Hz.
In addition, the crossing natural frequencies at 490, 548, and
621 Hz are near the second major VABA frequency band
of 510–620 Hz. The frequency components are not exactly
the same, probably due to the different loading conditions.
The crossing was preloaded by vehicles during the ABA
measurements, but this preloading was absent in the hammer
tests. The wheel and the hammer may not have impacted at
precisely the same position, which could also affect the FRF.
To gain insight into the dynamics of the crossing, the operational deflection shapes (ODSs) were analyzed. The ODSs are
the spatial representation of the FRF at each frequency [52].
Comparing ODSs with mode shapes, the former can be
measured directly and do not depend on postprocessing parameters, e.g., curve fitting for extracting mode shapes.
Fig. 15 shows the ODSs of crossing rails (including the
closure rail, the wing rail, and the crossing nose) at two phases:
the phase with the maximum impact force [Fig. 15(a)] and
when the force reaches zero [Fig. 15(b)]. Fig. 15 demonstrates
that lower natural frequencies generally correspond to longer
ODS wavelengths. At all the natural frequencies examined,
the vibrations of the crossing rails are not solely derived
from bending because the vibrations of two wing rails were
not synchronized, as shown by arrows W1 and W2. Instead,
the vibrations are a combination of bending and torsion, which
is common for asymmetric structures.
Fig. 16 shows the ODSs of the crossing nose at 60 phases of
a full vibration cycle to analyze the evolution of the shape and
the amplitude. At the natural frequency of 265 Hz, the ODS
amplitude is smaller than the amplitudes at higher natural
frequencies. This phenomenon may be related to the different
effective mass participating in the structural vibration. That
is, the mass of the system commonly participates less in
structural vibrations at higher frequencies. After the crossing
nose divides into two separate pieces, the two pieces vibrate
with different amplitudes at 490 and 548 Hz, as indicated by
arrows N1 and N2. This behavior suggests that the vibrations
of the crossing nose also arise from a combination of bending
and torsion.
In summary, the major frequency bands of the VABA
(240–305 and 510–620 Hz) are related to the crossing natural
frequencies (265, 490, 548, and 621 Hz). As a consequence,
variations in train speed, train moving direction, and sensor
position do not significantly affect the major frequency bands
of the VABA. In addition, the vibrations of crossing rails
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Fig. 13. Examples of the hammer impact force and acceleration signals. The symbols (
The dashed line (
) indicates the beginning of the hammer impact at 50 ms.

Fig. 14.
FRF of crossing (a) accelerance and (b) coherence. The symbols ( ) indicate the natural frequencies of the crossing at 265, 490, 548,
and 621 Hz. Letters VABA1 and VABA2 indicate the major frequency bands
at 240–305 and 510–620 Hz.

at these frequency bands are a combination of bending and
torsion, because the vibrations of the two wing rails are not
synchronized.
V. D ISCUSSION
A. Improving the ABA-Based Condition Monitoring System
Recently, the ABA system has demonstrated the capability of inspecting certain types of crossing degradation
(e.g., squats [12] and uneven deformation on crossing rails [9])
by identifying the change in the dynamic response with respect
to the nominal condition. In addition, preventative maintenance
actions (e.g., grinding and welding) can be suggested based on
the evaluation. However, the ABA measurements in the previous studies were performed at a controlled constant condition,
i.e., at a fixed train speed, along a fixed moving direction

) and (

) indicate the impact position and the sensor position.

and on a fixed crossing type, which limits their application
for more generalized scenarios. In this paper, we analyzed
the characteristics of the ABA under various test conditions.
Because the ABA measurement was conducted on a nominal
crossing, the obtained information can serve as the baseline.
By comparing the baseline with the ABA measured at different
time periods, we were able to identify the changes in the
dynamic response to guide maintenance actions. In addition,
the obtained information can also be integrated with the
condition monitoring systems in the previous studies [9], [12]
and improve their performance for generalized scenarios without the limitations on train speed, moving direction, and
crossing type.
In this paper, the ABA measurement was conducted with
a measurement coach [see Fig. 3(a)], which interferes with
the regular train operation, and thus limits the availability of
the measurement. In total, only six tests could be conducted.
Alternatively, if in-service trains are instrumented with a
similar ABA system, the crossing can be intensively measured
without interfering the regular train operation. With more
measured data, advanced methods such as trend analysis,
probabilistic technique, machine learning, and artificial intelligence [53]–[56] can be applied to improve the reliability of the
analysis and make better decisions for maintenance actions.
B. Uncertainty of Measurements
In both the ABA and hammer test measurements, the presence of random factors may induce uncertainties into the
analysis. For example, the hammer may not impact the rail

Authorized licensed use limited to: TU Delft Library. Downloaded on June 05,2022 at 21:42:58 UTC from IEEE Xplore. Restrictions apply.

WEI et al.: INTEGRATED APPROACH FOR CHARACTERIZING THE DYNAMIC BEHAVIOR OF THE WHEEL–RAIL INTERACTION AT CROSSINGS

2341

Fig. 15. ODSs of crossing rails at the crossing natural frequencies of 265, 490, 548, and 621 Hz. (a) Phase with the maximum impact force. (b) Phase
where the impact force reached zero. The symbols ( ) and ( ) indicate the impact position and the sensor position. Letters W1 and W2 indicate the
nonsynchronized vibrations of the two wing rails.

Fig. 16. ODSs of the crossing nose at 60 phases of a full vibration cycle. The
ODSs are symmetric about the stationary state, i.e., the dashed line ( ). The
symbols ( ) and ( ) indicate the impact position and the sensor position.
Letters N1 and N2 indicate the nonidentical vibration amplitudes of the two
pieces of the crossing nose.

at exactly the same position and direction, and the wheelset
may not run over the crossing along the exact same trajectory.
In this paper, the uncertainty of measurements is evaluated by
analyzing the standard deviation [57] of the measured signals
among several independent tests. To facilitate the comparison
between different items, the measured signals are normalized
by dividing by their arithmetic mean.
Fig. 17 shows the standard deviation of the measured
signals among tests. For the hammer test, the following

Fig. 17.
Uncertainty of (a) and (b) hammer test and (c) and (d) ABA
measurement evaluated by standard deviation among tests. (a) Crossing natural
frequencies at VABA1 and VABA2. (b) Accelerance at crossing natural
frequencies. (c) Major ABA frequencies VABA1 and VABA2. (d) GWPS
at major ABA frequencies.

uncertainties can be found: 1) the deviation of the crossing
natural frequencies is much smaller than the accelerance at
these frequencies; 2) the deviation of the crossing natural
frequencies at VABA1 is larger than those at VABA2; and
3) at the accelerometer S3, the large deviation of accelerance
is not accompanied by a large deviation of the crossing
natural frequencies. Meanwhile, the following uncertainties
can be found in the ABA measurement: 1) the deviation of
the major ABA frequencies is significantly smaller than the
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GWPS at these frequencies; 2) the deviation of the major ABA
frequencies generally increases with train speed; and 3) in the
trailing direction, the deviation of the GWPS is larger than
that in the facing direction. Moreover, the ABA measurement
has more significant uncertainties than the hammer test, which
may be due to more significant randomness involved in the
ABA measurement.
VI. C ONCLUSION
In this paper, we characterized the dynamic behavior of
the wheel–crossing interaction under various conditions. These
conditions include the train speed, moving direction (facing
and trailing directions with respect to the crossing), and sensor
position (leading and rear wheels of a bogie). In addition, a
roving-accelerometer hammer test was conducted to address
the relationship between the major frequencies of the ABA
and the crossing natural response. We draw the following
conclusions from the results of this paper.
1) The correlation between the ABA and the hammer test
measurements indicates that the major frequency bands
of the VABA at 240–305 and 505–620 Hz are related to
the natural frequencies of the crossing at 265, 490, 548,
and 621 Hz. Therefore, the major frequency bands of
the VABA are not greatly affected by variations in train
speed, moving direction, or sensor position.
2) The amplitude of the VABA and the energy concentrated
at the major frequency bands depend on train speed,
moving direction, and sensor position. In particular,
higher vibration energy occurs at faster train speeds,
along the facing moving direction and from the leading
wheel.
3) At the characteristic frequency bands of the VABA,
the vibrations of the crossing rails are a combination of
bending and torsion rather than pure bending, because
the vibrations of the two wing rails are not synchronized.
4) Variations in train speed and moving direction do not
significantly affect the major frequency bands of the
LABA, which are similar to those of the VABA.
In the future work, the characteristic behavior of the wheel–
rail interaction at a wider variety of crossings should be
studied under more generalized test conditions (e.g., accounting for various traction, braking, and friction conditions).
This analysis will require information from multiple sources,
including ABA measurements, hammer tests, and other data
such as profile measurements. This information can be used
to develop a database for evaluating the condition of crossings
and determining the amount of degradation present. Based on
this information, threshold values for performing maintenance
actions could also be developed to extend the service life of
crossings.
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