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Arjen Zoeteman3, Alfredo Núñez1,∗, Rolf Dollevoet1, and Zili Li1

1 Section of Railway Engineering, Delft University of Technology, The Netherlands,
∗ A.A.NunezVicencio@tudelft.nl

2 Trafikverket, Sweden
3 ProRail, The Netherlands

Abstract. This work presents the results of a measurement campaign to
demonstrate the effectiveness of the axle box acceleration (ABA) technol-
ogy for detecting rail defects. The measurements were conducted along
the Iron Ore line between Sweden and Norway for the IN2TRACK3
project. This line is mostly single-track with passenger-freight mixed
traffic and heavy axle load. Historical data and track information data
were not considered in this study. By analyzing data acquired from the
accelerometers in vertical and longitudinal directions, rail defects were
detected in near real-time using big-data analytics. For our validated sec-
tions, 100% of rail defects (including squats) were detected using time-
frequency analysis and an outlier detection approach. The methodology
also allows for identifying priority locations, e.g., defective welds, joints,
transition zones, etc., and its use for prescriptive maintenance recommen-
dations is being explored in the framework of the IAM4RAIL project.

Keywords: Rail defect detection, Rail monitoring, Rail surface defects,
Axle-box acceleration, Intelligent railway infrastructure.

1 Introduction

Rail surface defects require great maintenance efforts, typically rail grinding,
repair welding, or rail replacement. For light defects, grinding with a sufficient
depth has the potential to remove them completely from the rail surface [13].
For severe defects, rail replacement or repair welding is needed as multiple grind-
ing passages might not entirely remove them, leading to the re-appearing of the
defect due to residual damages. As grinding is more cost- and performance-
effective than rail replacement and repair welding, the effective management of
light defects (those that can completely be removed by grinding) is needed to re-
duce maintenance costs. Further, managing defects (particularly severe defects)
is also required to keep safety at adequate levels. To achieve adequate man-
agement, having an effective technology that is capable of timely detecting and
frequently monitoring rail defects is of the utmost importance [9].
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Various measurement technologies have been used for the detection of rail
defects. Most of these technologies are suitable for reactive maintenance be-
cause, for instance, they detect defects when their crack length is rather high.
In this work, we focus on axle box acceleration (ABA) technology, which allows
frequent monitoring of the infrastructure as it can be mounted on trains in op-
eration (without the need for dedicated measurement vehicles) and has reported
capabilities for early-stage defect detection [1, 3, 6, 8].

The ABA technology has been tested in various countries by different infra-
managers. The system used in this paper has been successfully tested in The
Netherlands, UK, and Romania by TU Delft to assess the conditions of various
railway components, e.g., fasteners [1], rails [3, 6, 8, 2, 5, 10], insulated joints [7],
transition zones [11], and crossings [12]. As the ABA system has increased its
technology readiness level, at this stage of development, assessing the robustness
through extensive measurement and validation campaigns in different locations
and under different measurement conditions is crucial for evaluating, improving,
and achieving its large-scale application in Europe and worldwide.

2 Measurement campaign for rail defect detection

The measurement campaign was conducted on the Iron Ore Line between Lulea
in Sweden and Narvik in Norway, from which five locations were selected to
conduct track inspections and validation for the detection of the ABA measure-
ments. A total of approximately 400 km of tracks were measured and analyzed
almost in real-time for rail defect detection. The line is (mostly) single-track
with passenger-freight mixed traffic and heavy axle load (up to 31 t). The mea-
surement train ran two round trips along the line. No prior information about
the location of defects and the type and location of railway assets was required.

The ABA measurement system can be implemented on various types of ve-
hicles, including passenger trains. New generation trains are already equipped
with smart sensing technologies, so it is expected in the near future to have mas-
sive amounts of condition data for the monitoring of the whole infrastructure.
Within the same train, a localized acquisition system is installed for storing mon-
itoring data, including ABA signals and positioning information. And, a wired
connection based on cables is used for the data transmission.

3 Methodology

This campaign used the ABA measurements from the vertical and longitudinal
directions to detect rail defects (including squats). The basic principle is to use
a train as a moving load that excites the infrastructure and to detect defects by
evaluating the time-frequency characteristics of the dynamic response measured
by accelerometers installed on axle boxes. As small defects in their early develop-
ment stage generate a rather short-duration impact on the wheel-rail interface,
their characteristics are related to high-frequency responses. The sampling fre-
quency of ABA measurements considered in this work was 25.6 kHz. A higher
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Fig. 1: Example of the ABA measurements of a rail portion from Location 1.

sampling rate is also needed because this is a moving sensor setup that requires
a good set of data samples at each monitored location.

Fig. 1 illustrates an example of the measurement of a rail portion from Lo-
cation 1 in which relatively high energy is observed in the signal, from which
Fig. 1(b) shows a location of a squat, while Fig. 1(c) shows that of a rail defect.
The figure shows vertical (V-ABA) and longitudinal (L-ABA) ABA signals of
the first axle on the left rails and their corresponding wavelet power spectrum
(WPS) energy. The WPS is obtained from the time-frequency analysis using the
Morlet wavelet function to extract characteristic frequency responses. For this
work, the frequency responses considered are between 200 and 2000 Hz. Based on
the obtained variations of the WPS energy, the location of defects is determined
by the automated detection algorithm. This algorithm is an outlier detection
approach detecting energy variations beyond local average values.

In the field inspections, various measurement techniques are used, includ-
ing visual inspection using cameras and geometry profile measurements us-
ing RailProf. Other measurements were conducted for future analysis, such as
impact hammer tests, falling weight tests, pass-by measurements of track vi-
brations, and geometry measurements using a 3D scanner. You can see the
demonstration campaign and a webinar at https://youtu.be/1Hw5Nqmmc0Q
and https://youtu.be/8a362ghI 5A.

4 Results

We evaluate the effectiveness of the ABA method by comparing the results of
the field inspections to the ABA data. Results indicate that the ABA system
detects all squats and other moderate and severe defects in the five validated
locations, demonstrating the capability of ABA for the detection of rail defects.
All insulated joints are also detected. Photographs of some of the rail defects
can be seen in Fig. 2.
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Fig. 2: Photos of some squats and other defects from validated locations.

In the first two locations, a total of eight rail defects were found over a length
of over 2 km. At the last three locations, 51 rail defects were found over a length
of approximately 1.5 km. These differences occurred because locations 1 and 2
were selected without prior analysis of the ABAmeasurements, whereas locations
3, 4, and 5 were selected based on the first round of ABA measurements. As the
ABA detection method can indicate locations with an impact excitation energy
higher than average values with a certain threshold, it detected all insulated
joints and some locations of welds and small defects. Healthy welds ideally should
remain undetected to the ABA system or exhibit a subtle response. Detected
welds suggest an existing deteriorating condition that is typically associated with
the presence of rail defects. Thus, to differentiate between faulty welds and rail
defects themselves is not required. The ABA method can then be used as an
indicator for weld quality control.

Fig. 3 illustrates an example of a small defect located within the running
band. Due to the nature of the defect, the ABA signals obtained from four dif-
ferent wheelsets of the two measurement runs do not always show a pronounced
energy content in the ABA responses. This presents us with a dual challenge. On
the one hand, we can adjust the threshold to a lower setting in order to detect
small defects like the one shown in Fig. 3. On the other hand, it is important to
consider that these small defects may be of a benign nature, implying that some
of them are likely to be naturally eliminated through natural wear [4]. There-
fore, there is a trade-off between setting the threshold and the number of benign
defects detected. Some small defects may be expected to wear away naturally
over time, while others that are consistently detected over time can be indicated
as defects that are becoming more severe.

After the first ABA measurement is conducted, new measurements of defects
and track components will update their condition and allow for assessing their
growth rate. Also, new measurements can indicate the presence of new defects
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Fig. 3: Example of the ABA measurements at an undetected small defect, shown
are the WPS obtained from the ABA signals in the vertical direction from all
four wheelsets and two measurement runs.

or can be used to evaluate the effectiveness of maintenance actions, for instance,
to determine the grinding depth that is effective for defects of certain severity.

5 Conclusion and outlook

In this paper, we report a demonstrator campaign for rail defect detection in a
freight-dominated line. The ABA measurements have been evaluated with field
measurements in a total of 5 locations in Sweden. Using time-frequency analysis
and an outlier detection approach, 100% detection of squats and other moderate
and severe defects is achieved. In the locations selected without using the ABA
results, a total of 7 squats were found over a length of over 2 km. In the other
locations that were selected for analysis, 46 squats were found over a length of
approximately 1.5 km in total. This shows the potential of the use of ABA data
to identify priority locations in track for maintenance actions. Moreover, the
detection of moderate and severe defects was almost obtained in real-time. The
evolution from early squats to moderate/severe ones is a slow process with low
dynamics, and moderate and severe defects tend to grow faster due to the higher
impact forces involved. Therefore, a real-time detection solution is recommended
for severe defects as it is crucial to prevent rail breaks.

In this demonstrator campaign, we assumed that no information on railway
assets and defects was available. As a suggestion for implementation and fur-
ther research and development, the ABA system can be embedded into existing
railway track information systems to continuously monitor the ABA energy at
defects and components such as welds, S&Cs, insulated joints, transition zones,
bridges, etc. With data analytics, information from those different data types
can be extracted and integrated to synergize with the physical understanding
of the ABA signals. The integrated information can then enhance the effective-
ness and interpretability of the continuous monitoring of assets, particularly to
update the status of rail surface defects.
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