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This paper presents a methodology for detecting and monitoring short pitch corrugation (SPC) under varying
measurement conditions using vertical and longitudinal axle box acceleration (ABA) measurements. The main
objective of the detection algorithm is to determine the likelihood and approximate severity of SPC presence,
providing insights for maintenance planning. The methodology combines a validated three-dimensional finite
element (3D-FE) model of the ABA responses at SPC and signal processing techniques to extract meaningful data
from the real-world on-board measurements. First, a 3D-FE vehicle-track model is validated and used to quantify
the physical relationships in the time—frequency responses of ABA at SPC under different levels of corrugation
severity and measurement speeds. Then, a measurement train is instrumented with multiple accelerometers to
capture field data on ABA at SPC, which is validated with field inspections and Railprof measurements. Finally,
the ABA responses are analyzed based on the number of signals detecting SPC and an assessment of severity
based on impact energy due to SPC. The methodology is demonstrated by analyzing the track between Assen and
Groningen on the Dutch rail network. Results show that the methodology accurately detects registered SPC lo-
cations. Further, a whole track analysis is conducted, from which the methodology proposes new locations and
severities of SPC, providing crucial information for rail maintenance planning.

1. Introduction

Short pitch corrugation (SPC) is a type of rail periodic defect,
commonly appearing on straight tracks or at gentle curves [1]. Its typical
wavelength range is 20-80 mm, and amplitudes are in the order of
dozens of micrometers. The presence of SPC increases vehicle-track
system vibrations and contact forces between wheel and rail and re-
sults in faster degradation of the rail and railway track system compo-
nents, e.g., fracture of fastening clips [2]. The emission of “roaring”
noise by SPC brings much annoyance to residents living near railway
tracks. Besides, SPC may induce the development of other rolling con-
tact fatigue (RCF) problems like squats [3]. Because of its negative im-
pacts on rail conditions, much research has been conducted to explain its
mechanism for over a century. Still, the root causes of SPC are not yet
completely understood due to its complexity [4]. For instance, field data
show that SPC wavelength varies little with the train speed. However,
when looking at different track locations with similar characteristics,
SPC seems to have more preference for appearing in some places than in
others. Li et al. [5] found that SPC initiation is attributed to longitudinal
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compression modes of the rail. These vibrations, triggered by initial
excitations such as the fastening system, consistently lead to the devel-
opment of corrugation, providing an explanation for field observations
in the Netherlands. This finding offers valuable insight for identifying
effective solutions to prevent or mitigate SPC by strengthening rail
longitudinal constraints [6]. At present, the most practically used
countermeasure against SPC is grinding [7-9]. Grinding cannot be too
often applied because it increases maintenance costs and reduces the life
cycle of the rail. However, when grinding is applied too late, i.e., when
severe SPC has developed, higher wheel-rail impact vibrations will
happen, leading to faster development of rail defects that eventually will
lead to rail replacements, or when it does not remove all residual ma-
terial layer damage, there is a high chance that SPC will form again.
Therefore, from both operational and economic considerations, it is
necessary to develop an efficient monitoring method for SPC, especially
amethod that can detect SPC at an early stage, which can be used to plan
the grinding maintenance and give an evaluation afterward. Grinding
operations based on actual rail conditions can focus on locations where
grinding is more needed and where it is most likely to be an effective
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countermeasure.

There are different approaches to detecting rail defects. Generally,
they can be categorized into human visual inspection, portable light-
weight instrument measurement, and on-board measurement systems
(conducted under loaded conditions) [10,11]. Traditional human visual
inspection involves individuals walking along the track and visually
identifying defects. This method is prone to human errors, impacts the
safety of both inspector and railway operations, and is restricted by
weather conditions [12]. Portable measurement equipment, which also
requires a high level of human intervention on the railway track, can be
further divided into two methods. One method involves collecting data
from moving displacement transducers along a straight beam [13]. The
other is a hand-pushed trolley that measures accelerations and evaluates
the rail roughness with a double integration method [10]. An advantage
of such measurement equipment is its high accuracy. For example, with
corrugation analysis trolley (CAT), it is possible to measure corrugated
rail with an accuracy higher than tens of micrometers [14]. The
equipment can also measure acoustic roughness and evaluate rail con-
ditions before and after grinding. However, in comparison to track
recording vehicles, they are not efficient enough for continuously
measuring large-scale railway infrastructures. Additionally, trolley-
based systems cannot evaluate the wheel-rail dynamic interactions
under a loaded condition, which provides a more precise qualification
and quantification of the effective impact of rail defects on the railway
system.

The train-borne inspection refers to the measurement system
instrumented on running trains, such as axle box acceleration (ABA)
[15,16], chord-based system [17,18], contact force measurement system
[19], and video measurement systems [11,20,21]. The chord-based
measurement system has been widely used for detecting rail irregular-
ities as it is speed-independent, and there is no limitation on the mini-
mum speed [11]. However, the system cannot represent the SPC well at
certain wavelengths where the amplitude transfer function has a mini-
mum of zero [11,18]. Therefore, it is necessary to evaluate the charac-
teristics of the SPC in advance to choose the right parameters for the
system. Secondly, due to the behavior of train lateral movement, the
chord system may not always capture the same position on the railhead,
which may influence the system performance regarding repeatability
and reproducibility [17]. To address this problem, Chen et al. [17]
introduced an automatic system to monitor and correct the position of
the chord-based system, and the method shows high accuracy and
robustness at a speed of 6 km/h. However, validation of results at higher
measurement speed remains an open topic. Thirdly, the system perfor-
mance can be influenced by the rainy weather, with water blocking the
laser-camera window and water on the rail surface.

Video or the automatic visual inspection measurement system are
based on high-resolution cameras capable of capturing the track images
for defect identification [20,21]. In [11,21], the authors developed vi-
sual inspection systems to detect discrete rail defects. However, from
images, it is not possible to quantify the depth of rail defects and esti-
mate dynamic wheel-rail interactions, especially when defects are not
visible. Furthermore, factors such as camera resolution, shutter speed,
lighting, and track cleanliness may influence the detection results. In
this paper, we are users of the ABA measurement equipment, which can
capture wheel-rail vibrations at SPC under loaded conditions.

In the literature, ABA-based measurement systems have been applied
to monitor railway infrastructure [22-24]. When the instrumented train
runs over a rail defect, the impact of the defect is captured by the axle
box acceleration. The ABA measurement system has been used to
identify various types of local rail defects, including rail squats [25],
poor-quality welds [26], and wheel flats [27]. While the ABA mea-
surement system has proven effective in detecting most types of local
defects, detecting and monitoring SPC requires further investigation.
SPC typically appears along continuous rail sections and can be chal-
lenging to differentiate from general rail roughness. Furthermore,
without a comprehensive understanding of how the axle box responds to
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SPC excitation, the time-frequency characteristics necessary for
detecting SPC under various measurement conditions would be
unknown.

In [28], continuous track monitoring, which was installed on a DB in-
service train, has been used to measure track geometry. This system is
based on the axle box acceleration system, and it can measure the lon-
gitudinal level track geometry till the lower wavelength range of DO, i.e.,
1 m based on EN13848-1 2019 [29]. Irregularities of wavelength shorter
than 1 m are usually treated as rail roughness or rail corrugation. Grassie
[29] pointed out that the ABA measurement system is applicable for
the statistical evaluation of corrugation while not ideal for quantitative
measurement. Faccini et al. [30] and Bocciolone et al. [20] examined the
feasibility of using the vertical ABA measurement system to detect rail
corrugation formed in curves of a metro system based on root mean
square (RMS) values of ABA. Different from CAT, with which the
corrugation profile can be quantitatively recreated with double inte-
gration, the train-borne ABA includes not only the impact vibration from
the SPC but also complex structural vibration. Therefore, the direct
integration of the ABA signals does not result in the actual SPC. In this
paper, the ABA system considers both vertical and longitudinal ABA
measurements. The detection of SPC is aimed at straight tracks as well as
gentle curves with insignificant speed variation and lateral interactions.
In addition, a physical model is proposed to understand and validate the
ABA measurement results, facilitating the detection and assessment of
SPC.

Preliminary findings regarding the use of vertical ABA for detecting
SPC were presented in [31]. In this paper, we expand the analysis to
include both vertical and longitudinal ABA. Moreover, the 3D FE
vehicle-track model is validated for both vertical and longitudinal ABA.
Additionally, we conduct a sensitivity analysis of ABA at SPC under
different train speeds, evaluate grinding operations, and present more
extensive detection results. This paper is structured as follows. Section 2
introduces the ABA measurement system and instrumentation. Section 3
examines the time-frequency responses of SPC using a 3D FE vehicle-
track model and identifies the time—frequency response of ABA at SPC.
In Section 4, a detection methodology of SPC is proposed using multiple
ABA measurements and the responses as obtained from the 3D-FE
model. The monitoring of the corrugation is characterized by deter-
mining the presence of SPC and assessing its severity based on the ABA
energy signal at the detected locations. Section 5 shows the results of the
methodology applied to the Dutch railways between Assen and Gro-
ningen. Finally, some conclusive remarks and further research are
presented.

2. ABA measurements for detection of SPC

SPC is identified as periodic bright peaks and dark valleys along the
central running band of the rail surface. SPC is characterized by its
wavelength and severity. Unlike isolated rail defects, SPC appears
continuously along the track, resulting in impact vibrations over longer
distances. Therefore, an effective SPC detection method should not only
identify the locations where SPC starts and ends but also assess its
severity. To achieve this, a methodology that combines both ABA in-
strumentations together with knowledge about the responses of the
physical system is necessary. In this section, the key aspects of ABA
measurement systems are presented.

2.1. ABA measurement system

To facilitate comprehensive measurements, both vertical and longi-
tudinal ABA accelerometers are installed on each wheelset (leading and
trailing) of the bogie for both the left and right rails. The inclusion of
longitudinal signals has been shown to improve the detection hit rate of
light rail squats, as reported in [25]. Two accelerometers on each axle
box are differentiated based on their respective mounting angles: 90° —
accelerometer in the vertical direction to the train running direction and
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Fig. 1. Schematic diagram of the instrumentation of accelerometers and detection procedure.

Table 1
Accelerometers with consideration of the wheelset and accelerometer angles.

Wheelset Angle of accelerometers

90° 180°
Leading wheelset (w = 1) left side a3 1.90° a; 1,180°
Trailing wheelset (w = 2) left side Ay 90° dz1.180°
Leading wheelset (w = 1) right side a3 roo° a; r180°
Trailing wheelset (w = 2) right side a3 R 90° AR 180°

180° - rear accelerometer opposite to the train running direction. Each
accelerometer is assigned a unique label that indicates the side of the rail
it measures (left and right) and the mounting angle. Consequently, an
acceleration signal is denoted as ay,¢(t), where angle 6c{90°, 180°},
rail re{L, R} indicating left (L) or right (R) rail, w = 1,...,W, indicating
the wheel number, and t representing the time of measurement. Global
positioning system (GPS) and tachometer readings are recorded to
provide the information of the actual kilometer position in track x(t) and
the train’s speed v(t). As the wheelset is rolling over the rail surface with
defects, vibrations resulting from the impact of rail defects are captured

Sprung mass

Primary suspension

)é %H,vl:aslening ‘ %

%%i/ el LU

by the acceleration sensors through the axle box. The clock of the ABA
system is synchronized with the GPS clock. Then, rail defects can be
located by matching ABA with locations in the track to facilitate track
maintenance. During the measurements, the sampling frequency was
25.6 kHz and the train speed was approximately 100-110 km/h.

The instrumentation of the ABA measurement system and the cor-
responding detection procedure are shown in Fig. 1. To differentiate the
accelerometers from different wheels and mounting angles, each
accelerometer is given a name, as shown in Table 1.

2.2. Wavelet transform based time—frequency analysis

ABA signals from the wheel-rail interaction are non-stationary,
especially with rail anomalies. To effectively identify and detect rail
defects, it is essential to perform time—frequency analysis on these sig-
nals. In this paper, the continuous wavelet transform (CWT) is employed
to analyze the time—frequency distribution of the ABA signals [32], as
defined below [33],

(a) Overview of the vehicle-track model

(b) 3D FE vehicle-track model

Fig. 2. 3D FE vehicle-track model.
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Table 2
Vehicle parameters and track parameters.
Parameters Values Parameters Values
Sprung mass 7200 kg Wheel and Young’s 210 GPa
railmaterial ~ modulus
Primary Stiffness 1.15 Poisson’s 0.3
suspension MN/m ratio
Damping 2.5 kNs/ Density 7,800
m kg/m?
Railpad Stiffness 1,300 Sleeper Young’s 38.4
MN/m modulus GPa
Damping 45 kNs/ Poisson’s 0.2
m ratio
Ballast Stiffness 45 MIN/ Mass 2520
m density kg/m®
Damping 32 kNs/ Spacing (L) 0.6 m
m
1 [ Lt—T
CWarafs.) =2 / GuroOy (")t o)
—00

Where CWT,, ;. (s,7) are wavelet coefficients for the signal ay . ¢(t) to
be analyzed, y* is a family of wavelets from the mother wavelet y(t) by a
translation of 7 and a wavelet scaling of s and * indicates a complex
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conjugate. The wavelet power spectrum (WPS), or scalogram, is defined
as the square of wavelet coefficients, expressed by |CW’I‘ﬁ,,r, 0 (5,7)|. It
provides position, frequency, and wavelet energy information of a vi-
bration signal.

In the following section, an analysis is conducted with a 3D dynamic
finite element (FE) vehicle-track model to establish a clearer connection
between the scalogram and SPC, to gain a more accurate understanding
of the frequency responses at various measurement speeds.

3. Physical responses of SPC using the FE model
3.1. FE model

We consider a dynamic 3D FE vehicle-track model of the Dutch
railway tracks. The model was built with the software Ansys/Ls-Dyna to
study the transient vehicle-track interaction when the wheel rolls over a
rail surface with SPC [34]. The frequency responses of the axle box ac-
celeration signals obtained from this model will be validated, analyzed,
and used as inputs for detecting SPC in this paper.

Fig. 2a presents a schematic diagram of the FE model. The vehicle
structures above the primary suspension are simplified into mass ele-
ments. The primary suspension, the fastening system, and the ballast are
represented by spring-damper elements. The wheel, rail, and sleepers
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S P ——
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(b) PSD of the measured SPC profile
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Fig. 3. Schematic diagram of field measured SPC and their PSD distributions.
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(a) Vertical ABA

Fig. 4. Scalograms of the ABA

are modeled using 3D solid elements (see Fig. 2b). The radius of the
wheel is 0.46 mm with a 1/40 conicity. The rail is UIC 54 with a 1/40
inclination. The sleeper spacing is 0.6 m, and the total track length is 20
m. The contact between the wheel and rail is treated as surface-to-
surface contact utilizing a penalty contact algorithm. The model em-
ploys a friction coefficient of f = 0.4. Other system parameters are from
the typical Dutch railway and are shown in Table 2. A traction coeffi-
cient p of 0.1 is used in this paper. For comparison with the measured
ABA, the acceleration signal is exacted at a node located on the axis of
the wheel axle, which is proven to be accurate in [35]. A procedure
combining implicit and explicit methods simulates the dynamic inter-
action between the vehicle and the track. A small time step of 7.09118 x
10-8 s is set to meet the Courant stability criterion [36]. To ensure that
the initial oscillations caused by the imperfect static equilibrium are
sufficiently damped and relaxed before the wheel enters the solution
zone (SPC zone), an initial distance of LO = 1 m is introduced.

3.2. Measurement of rail SPC profile

To investigate the vibrations induced by SPC at the wheel-rail
interface, actual rail SPC profiles were measured using RAILPROF

2000
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(b) Longitudinal ABA

signals from the FE model.

[13] and utilized as inputs in the FE model to analyze the dynamic re-
sponses of the vehicle-track system, specifically the ABA values obtained
from numerical simulations. The RAILPROF equipment measures the
longitudinal-vertical profile of the rail by employing a displacement
transducer that moves along a 1 m straight frame positioned on the rail.
In the case of UIC 54 rail, it measures the longitudinal-vertical rail
profile at the center of the rail crown, as the SPC is mainly observed in
the middle of the railhead.

Fig. 3a illustrates the locations of the SPC measurements with
RAILPROF. The maximum peak to trough distance in the SPC profile is
less than 100 um. Further analysis, presented in Fig. 3b, demonstrates
the power spectral density (PSD) of the SPC profiles, revealing three
prominent wavelength components: approximately 28.7 mm, ~55 mm,
and ~ 70 mm. Note that both SPC 1 and SPC 2 exhibit a predominant
wavelength component at 28.7 mm, while SPC 1 displays a localized
secondary component at around 55 mm, and SPC 2 exhibits a localized
secondary component at around 70 mm. Over a longer distance, the
28.7 mm SPC wavelength corresponds to the corrugation observed in
Fig. 3a and will be the focus of the analysis.
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SPC2 under the variation of vehicle speeds.

3.3. Numerical simulation of ABA at SPC and validation

Before the analysis below, it is important to note that the ABA signals
simulated with the 3D-FE model capture both the forced vibrations from
SPC (dependent on speed and corrugation wavelength) and structural
resonances from the vehicle-track system (dependent on system modal
properties). Compared to structural resonances, forced vibrations
exhibit relatively lower energy concentration—particularly under very
light corrugation conditions. Consequently, for corrugation detection,
structural resonances serve as the primary indicator. In the frequency
domain up to 2000 Hz, it is known from [5,36,37] that key resonances
include:

Full track or P2 resonance at ~ 90 Hz
Sleeper anti-resonance at ~ 320 Hz

Rail resonance at ~ 1000 Hz
Pinned-pinned resonance at ~ 1180 Hz
Longitudinal rail vibrations, e.g. 1360 Hz

The ABA signal is obtained through a transient simulation where a
wheel rolls over a rail surface with SPC. The vehicle speed in the
simulation is initially set to 102.6 km/h to match the measurement train.
Fig. 4 shows the wavelet power spectrum (WPS) of the simulated ABA
signals for both vertical and longitudinal directions at two different SPC
inputs.
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interaction between SPC-induced excitation and modal properties of the

track.

The results reveal a dominant vibration energy concentration at

approximately 1000 Hz, corresponding to rail bending and pin-

Fig. 5 presents the measured ABA signals with SPC at the same speed
(102.6 km/h). Both vertical and longitudinal ABA exhibit dominant
frequency ranges from 700-1600 Hz, which agrees well with simulation

ned-pinned resonances, and a secondary component around 500 Hz,
likely linked to force vibration excited by SPC with the 50 mm and 70

mm wavelength components.

These components arise from the
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Fig. 8. Flowchart of the detection algorithm of SPC.

results. Notably, the longitudinal ABA demonstrates greater sensitivity
to SPC in this frequency band, which aligns with the measurement re-
sults in [24] that longitudinal ABA is more sensitive in detecting light
squats with shorter wavelengths of about 10-30 mm.

A secondary frequency component, less visible in simulations, is also
observed in the measured data. Furthermore, a ~ 100 Hz component
appears in vertical ABA, associated with P2 resonance. This component
is excluded from the detection algorithm as it lies outside the SPC fre-
quency range of interest.

These results validate that the dominant wavelength range of
700-1600 Hz in both simulation and measurement is a reliable indicator
of SPC, while also acknowledging the presence of structural vibration
modes that may overlay or interact with SPC responses.

3.4. Influence of the speed variation

To investigate the influence of varying train speeds on the detection
of SPC, the 3D FE vehicle-track model incorporates speed variations.
Fig. 6 illustrates the results of simulations conducted on the ABA
response at SPC 1 and SPC 2 under different speeds. In the vertical ABA,
two main frequency bands are observed. At speeds of 80 km/h and 90
km/h, there is a comparatively lower frequency band at 200-400 Hz,
which is attributed to the anti-sleeper resonance being excited by the
longer corrugation wavelengths. At speeds ranging from 100 km/h to
200 km/h, another frequency band emerges around 700-1600 Hz. In the
longitudinal ABA, however, the dominant frequency range for SPC is
consistently around 700-1600 Hz across the entire speed variation
range. From the figures, it can be concluded that when the measurement

train speed is below 90 km/h, the vertical ABA response at 1000 Hz is
weaker than at lower frequencies, associated with the rail resonance and
pinned-pinned resonance excited by the shorter corrugation wavelength
(28.7 mm). In such cases, the main energy concentrates at about 400 Hz,
where the useful information can be submerged by a high energy con-
centration at a low frequency at a lower speed. On the other hand, the
longitudinal ABA signals can capture the frequency characteristic of SPC
over a wider range of speeds.

To further emphasize the axle box acceleration (ABA) responses
within the 700-1600 Hz range under varying speeds, Fig. 7 illustrates
the PSD of simulated acceleration signals for speeds ranging from 80
km/h to 200 km/h. At speeds below 90 km/h, the vertical ABA response
around 1000 Hz is minimal compared to that observed at higher speeds.
This is likely due to insufficient excitation from rail corrugation at lower
speeds, which fails to induce structural resonance near this frequency.
As the speed increases to 100 km/h, spectral components near 1000 Hz
begin to emerge, and at 110 km/h, the response reaches its maximal
value. In contrast, the longitudinal ABA consistently exhibits notable
responses across the 700-1600 Hz range, even at the lowest simulated
speed of 80 km/h, indicating a high sensitivity to excitation that appears
largely independent of train speed, meaning a more robust method for
detection.

4. SPC detection with ABA signals
Based on the identified time-frequency characteristics under

different speeds from the FE simulations, an SPC detection algorithm is
formulated using the measured ABA signals, as shown in Fig. 8. The
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detection algorithm enables the identification of SPC locations in terms
of different possibilities: SPC, high possibility of SPC, low possibility of
SPC, and no SPC. For those places with detected SPC, a severity value is
proposed for the ABA energy signal. Two locations with SPC are used as
examples to validate the algorithm. Finally, the validated algorithm is
used to detect SPC in a longer track section up to 15 km where the
measurement speed is roughly 100-110 km/h.

Specifically, the scale-averaged wavelet power (SAWP) is employed,
as a method for detecting SPC. SAWP is defined as the calculated sum of
the weighted wavelet power spectrum (WPS) within the frequency range
of fj to fo [37].

56, Lu |CWTZ_ (si,t)
SAWP,,.4(t) = JC# Zf @)
S j=h ]

where n is the time index, §; and &; are the scale step and time step
respectively, and Cj; is an empirically derived constant for each wavelet
function.

The SAWP is evaluated in the frequency range that is specifically
targeted for SPC detection. It’s important to note that the frequency
range might be influenced to some extent by the track structure.
Consequently, in a more comprehensive framework, the scales should
vary per location sj(x(t)). Furthermore, impact vibrations from other
isolated defects, which exhibit responses similar to SPC frequencies, do
not bear the continuous vibrational features in the signals. Furthermore,
defects from the wheel can be identified easily and removed [25], and
background noises do not have a strong influence on the frequency
range of SPC. Therefore, SPC can be identified through a pre-analysis of
the measured signals, and the automatic detection algorithm can be
adjusted based on the frequency of SPC responses.

The spatial series of the SAWP with maximum values within a
designated frequency range at certain locations exceeding a certain
threshold are detected as isolated defects, such as squats [25]. In the
case of SPC, it is more reasonable to detect it by providing an indication
of a distance range. Let’s define a function H.(x), with rail re{L, R}, that
equals 1 if the rail at location x is affected by SPC, and 0 otherwise.

Four variables are introduced for the purpose of SPC detection:

1) As there is an overlap in the time-frequency responses of singular
defects with SPC, to reduce false positive detections, the SAWP is eval-
uated around a finite distance (Aspc) from the location x(t),

[x(t) — 0.5Aspcx(r) + 0.5Aspc]

2) A threshold Th(v(t)) that is train speed dependent is defined based
on the averaged energy intensity of SAWP within the range Agpc. If the
sum of SAWP within Agpc is above the threshold Th(v(t)), the acceler-
ometer (defined by angle, w, rail) will trigger one detection of SPC at
location x(t).

—x(t)+-0.5Agpc

Hw,r,()(t7x(t)vv(t)) = { 0 Othi i
therwise

Note that the threshold is a relative, empirical, and data-driven
parameter, rather than an absolute physical measure, and can be
dynamically adjusted to modify the sensitivity of the algorithm. When
considering all the accelerometers, the sum of the number of predictions
as SPC is represented by Ngpc.

3) The number of predictions as SPC from different accelerometers
and channels, wheels and test runs indicate the possibility of SPC
occurrence in the track, Pspc(x(t)). Depending on the ratio between Ngp¢
and the total number of measurement signals Nioq1, Pspc(x(t)) is defined

. x(t)=x(t)+0.5Agp
1Y e een SAWPo(£:X(0), V() > Th(¥(t))
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with 4 levels: SPC, higher possibility SPC, lower possibility SPC and No
SPC. The tuning parameters a and b such as 0 < b < a < 1 represent the
thresholds between the different qualitative levels.

SPC if

High possibility SPC  if
Low possibility SPC  if
No SPC if

Nspc = Niotar
aNtotal < NSPC <N total
bNmml < NSPC < aN, total

Nspc < bNtal

Pgpc(x(t)) = 4)

The classification criteria are heuristic and currently serve as a
practical decision support tool.

4) In addition, the severity of the SPC is shown with the value of
SAWP within the Agpc. The definition regarding the corrugation severity
from light, to moderate and severe is part of the further research.

These four parameters can be adjusted according to the actual con-
ditions of ABA signals with SPC and maintenance needs. Further, the
parameters for corrugation possibility and severity are used to showcase
results. These parameters can be further customized to meet specific
requirements. Within the given equations, speed is considered as a
parameter in the detection algorithm for the overall algorithm. In the
measurement campaign, the speed remained within the range where no
adjustments to the speed were necessary.

3

5. Algorithm testing and validation

The frequency range corresponding to the SPC studied in this paper is
700-1600 Hz. To minimize the false positive prediction of rail squats as
SPC, which can occur due to high energy concentration, SAWP is eval-
uated within a 10-meter distance. If the SAWP within the 10 m exceeds
1.25 times the average SAWP per 10 m calculated over the entire
measurement section with approximately the same speed, denoted as

Th = 1.25(Ziggiﬁgfg:gijﬁiSAWP)avg, the track location will be
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b) SPC at the location of Case Study 2

Fig. 10. SPC in Case Studies 1 and 2.

predicted as having SPC. The adopted threshold was determined
through a trial-and-error process, and found to effectively distinguish
SPC-affected areas from normal track segments, minimizing false posi-
tives in our specific cases. Additionally, two more thresholds are defined
to assess the possibility of SPC. The total number of signals used for
prediction is determined by multiplying the number of accelerometers
by the number of measurements. If all signals indicate SPC, the pre-
diction is considered certain. If more than 50 % of the total signals show
a 10 m section as SPC, then it is categorized as having a higher possi-
bility of SPC. If more than 33 % of the total signals indicate an SPC
section, it is classified as having a lower likelihood of SPC. When the

Measurement 255 (2025) 118064

number of signals indicating SPC is less than 1/3 of the total signals, the
section is defined as not having SPC. In addition to predicting the pos-
sibility of SPC, the severity of SPC is also represented by the SAWP per
10 m for those sections classified with a higher possibility of SPC. A
threshold can be established to differentiate between SPCs of varying
severities.

In order to test the algorithm, two specific locations on a track known
to have SPC have been selected as case studies. The track is between
Assen and Groningen in the Netherlands, as shown in Fig. 9 with a white
line. On the map, these two locations are highlighted in different colors,
with one marked in red and the other in green. Notably, both locations
are situated on straight sections of the track. Fig. 10 provides a visual
representation of the rail surface corrugation observed at these two
locations.

5.1. Case Study 1

Fig. 5 displays the time-frequency response of the ABA measure-
ments, with the key frequency components associated with SPC. By
utilizing the acceleration signals as input for the detection algorithm, the
prediction of SPC is obtained, as illustrated in Fig. 11 with the channels
of signals predicted as SPC and with their respective SAWP per 10 m.
Please note that due to the presence of corrugation only on the left rail,
the analysis of the right-side rail is not shown in the results.

Fig. 12a and b show the prediction of SPC in terms of possibility and
SAWP per 10 m to reveal the severity, respectively. To assess the pos-
sibility of SPC in the prediction, two thresholds are applied, with one
threshold of 50 %, meaning if the number of signals surpasses half of the
total channels, the prediction is considered validated as SPC. The second
threshold is set at 33 %, indicating that if more than one-third of the
channels exhibit SPC, there is a higher possibility of SPC present on the
track. When the number of channels indicating SPC falls below the
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Fig. 11. SPC prediction shown with the SAWP per 10 m.
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second threshold, the possibility of SPC becomes lower. The severity of
SPC is evaluated based on the SAWP per 10 m. It is worth noting that
when the prediction falls below the second threshold, indicating a low
possibility of SPC, the corresponding SAWP per 10 m is not visible in the
figure.

5.2. Case Study 2

To provide additional validation for the proposed algorithm and

11

parameters, the analysis of the ABA signals from a different location is
shown in Fig. 13. The ABA signals are from the right rail where the SPC
is observed. Similar to the previous location, there is a notable energy
concentration primarily within the frequency range of 700 Hz to 1600
Hz. Again, the same frequency component can be used for SPC detection.
From the comparison of the SPC signals between detections and nu-
merical simulations, it is confirmed that the time-frequency responses
from the numerical simulations are valid.

Similarly, the SPC predictions for Case Study 2 are shown in Figs. 14
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and 15. Shortly after the ABA measurement, a track visit is organized to
record the SPC. The characteristics of the SPC in Case Study 2 are shown
in Fig. 10b. The field recording of the SPC agrees well with the predic-
tion. Hence, the developed algorithm is validated by detecting the SPC
in this Case Study.

5.3. Global track prediction

With the validated algorithm for SPC detection, a prediction for the
whole track between Assen and Groningen is made, as shown in Fig. 16.
There are in total two measurement runs, in comparison to the previ-
ously considered 3 runs. Therefore, instead of 12, we will consider in
total 8 signals used for the prediction. Two thresholds used for pre-
dicting the possibility of SPC are 50 % as before (4 counts), but 25 % in
this case for the lower possibility (2 counts). The severity of the SPC is
lower in comparison to the previous measurements analyzed in Sections
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5.1 and 5.2. The reason is due to the grinding maintenance, which was
performed nine months before the ABA measurement and removed the
SPC. The prediction of the SPC is shown on the map with GPS in Fig. 17
to gain a general view. The detection of SPC as a low possibility, high
possibility, and SPC are shown with different colors laying above the
general track alignment. The rail surface in Case Study 1 is shown in
Fig. 18. SPC still exists at this location but with lower severity.

5.4. Comparison before and after grinding

The above two case studies in Sections 5.1 and 5.2 are before
grinding, and the results after grinding are compared in this section with
their severities shown in Figs. 19 and 20, respectively. Due to the current
detection algorithm using a relative SAWP value calculated from an
average of the whole section of measurement, when the global rail
roughness level is low, the detection algorithm gives a high resolution to
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Fig. 18. Rail with quite light SPC.

detect very light SPC. In this way, it can be shown that ABA can be used
to evaluate the grinding quality. Before grinding, both locations in the
figures below show SPC. However, after grinding, the section of track
from Case Study 1 shows comparably higher vibration energy in the
defined frequency range for SPC than the section of track from Case
Study 2. This indicates that the rail surface roughness level in Case Study
2 should be smaller than that in Case Study 1.

6. Conclusions

This research focuses on utilizing ABA measurements to detect and
monitor SPC in railway tracks. A 3D FE dynamic vehicle-track model is
employed to identify the frequency responses of ABA signals corre-
sponding to SPC. These responses are further validated using field ABA
signals. The ABA signals with SPC are analyzed to facilitate the differ-
entiation from other defects, particularly rail squats, which exhibit
overlapping frequency ranges used for detection. Then, a detection al-
gorithm for SPC is developed based on wavelet transform. The algorithm
is validated with case studies and used to predict the SPC of the whole
track. The key findings and summaries of this work are as follows:

14

1) The frequency response associated with SPC is successfully identified
and validated by comparing the results from the 3D FE vehicle-track
model with measured ABA signals at SPC locations.

2) Signals from different accelerometers instrumented at different di-
rections in the axle box exhibit varying sensitivities to SPC. In the
present case studies, longitudinal ABA exhibited higher sensitivity to
SPC than vertical ABA within the investigated frequency range of
700-1600 Hz.

3) A detection algorithm is proposed based on the identified time-
—frequency responses at SPC. This algorithm serves as an indicator of
both the possibility and severity of SPC.

4) The effectiveness of the algorithm is validated with two case studies,
and its application is extended to predict SPC throughout the entire
track between Assen and Groningen.

In addition, a whole track SPC prediction can be employed for the
evaluation of maintenance operations. Further research should focus on
validating numerical predictions by comparing them with ABA mea-
surements at SPC locations obtained at different measurement speeds.
Additionally, experimental methods to tune the parameters proposed in
this paper will need to be developed, as additional field work is needed
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