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— Detecting wheel slip is important in railway operations, to prevent damage to wheels and tracks, reduce
maintenance costs, improve safety and enhance passenger comfort. Slip activity is characterised by reduced
adhesion between the wheel and the rail and limits effective braking or acceleration, causing also operational
risks. It is influenced by environmental conditions, vehicle load, track and axle quality, contaminants, inclines,
rail oxidation, and braking forces. This paper introduces an innovative method for wheel slip detection in
operational trains, utilizing wavelet analysis combined with Long-Short Term Memory (LSTM) modelling. This
method analyzes operational data to effectively identify wheel slip, showing promising results when compared to
traditional classification-based machine learning methods such as decision trees, forests, logistic regression,
naive Bayes, and support vector machines. This novel approach addresses the complexities of wheel slip
detection and is capable of identifying the conditions leading to slip several seconds prior to the commencement
of the slip event, offering a practical solution for real-world railway systems.

1. Introduction

Wheel slip activity poses substantial challenges in railway mainte-
nance, with its most notable characteristic being diminished adhesion
between the wheel and the rail, particularly during intense braking
situations. This can negatively impact the integrity of both the rolling
stock and tracks causing considerable safety risks. Negative impacts
include reduced ability to stop; higher risk of signals passed at danger
(SPAD) situations; ineffective acceleration or ability to travel at desired
speed, causing longer journey duration; damage to train wheels and
rails, leading to premature maintenance or replacement needs; and
inability to initiate track circuit activation, with further severe safety
implications (The Rail Delivery Group, 2018). Consequently, wheel slip
activity can cause considerable maintenance costs, train delays, and
safety or even accident risks, as severe defects can result in derailments.
In addition, slippage between the wheel and rail can lead to a significant
increase in temperature at the point of contact, potentially resulting in
the softening of the materials involved (Yang et al., 2023). Further
consequences include the acceleration of the growth of existing cracks in
rails and nearby structures, as well as intensifying vibrations throughout
the train, resulting in noise and discomfort for passengers Therefore, the
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development of wheel slip protection (WSP) mechanisms is vital not
only for mitigating these adverse effects but also for prolonging the
lifespan of associated assets.

WSP has been pursued via dedicated control systems, often making
use of a range of sensing and actuating components. Such control sys-
tems may require analytical (Wu et al., 2023), simulation (Abouzeid
et al., 2022), or numerical and finite element (Deng et al., 2022)
modelling, including joint modelling approaches (Abouzeid et al., 2022;
Lu et al., 2024). Their success depends much on the extent to which
estimates or predictions derived from such modelling match the
observed reality, but simulation-based approaches cannot fully account
for the significant uncertainty around the real operational and sur-
rounding environment conditions. Modelling approaches were in some
cases combined with operational measurements to infer slip activity,
with results validated under simulated data (Moaveni et al., 2020), via
comparisons between simulated outcomes and limited field test data (Lu
et al.,, 2024) or under controlled conditions in dedicated test rigs
(Krummenacher et al., 2018) but wider testing and validation on
extensive real operational situations was not reported. While WSP on
modern trains benefits from such control systems, a large proportion of
operational trains still have elementary protection which can still be
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upgraded via appropriate retrofitting hardware and data-driven
solutions.

This paper presents the development of a wheel slip activity detec-
tion method based on operational data, which is capable of not only
detecting slip events once they occurred, but also identifying early the
onset of conditions leading to them, which is an improvement over
current methods. It is applicable to the two main types of wheel slip,
namely adhesion-limited and traction-limited slip. Adhesion limited slip
occurs when the contact between the wheel and the rail is insufficient to
transmit the required tractive or braking forces leading to wheel over-
rotation (slippage). Traction-limited wheel slip is caused by excessive
braking forces applied to the wheel, leading to a wheel lock (under-
rotation). The proposed method is based on measurements which can be
obtained from operational trains, namely brake pressures and train
carriage axle speeds. It applies a combination of univariate axle speed
analysis using a wavelet approach with a version of long short-term
memory neural networks (LSTM) (Hochreiter and Schmidhuber,
1997), which fuses features extracted from the speed analysis wavelets
with braking forces measurements. The method is shown to distinguish
between normal and wheel slip conditions when tested on train opera-
tional measurements, showing a high level of accuracy compared to
classification-based machine learning employing logistic regression,
decision trees, random forests, k-nearest neighbours, and support vector
machines. The analysis is conducted on several diesel multiple unit
(DMU) trains’ data from a whole year. An earlier version of this research
with more limited experiments was reported in (Namoano et al., 2022).
The main extensions here include (1) more extensive experiments,
including a grid search for optimising numerical hyperparameters and
more options for qualitative choices, providing a more extensive com-
parison basis for the research outcomes; (2) an updated methodology
with a wavelet, LSTM and neural classification combined approach, with
its description. Furthermore, a more in-depth analysis of both the tar-
geted problem and related literature analysis is provided, and further
insights are offered in relation to the obtained results, their limitations,
and potential extensions of the work. The remainder of the paper is
structured as follows. Section 2 offers an overview of related concepts
and background literature. The developed methodology is presented in
section 3. Comparative results are presented in section 4, including
relevant discussion and recommendations. A conclusion is offered in
section 5.

2. Problem background and related work

The modelling, detection, prediction, and control of slippage at the
wheel-rail interface is a complex task due to the numerous factors
influencing its occurrences, such as environmental conditions, overall
vehicle load, track and axle quality, debris on rails, steep inclines, rail
oxidation, and applied braking forces. To further explore the problem
and position the presented research within the body of existing litera-
ture, the following sub-sections outline related concepts, introduce the
problem of wheel slip activity, and analyse related works.

The employed abbreviations and notation are summarised in
Table 1.

Table 1
Notation.
Symbol Represents
WSP Wheel slip protection
psi Pound per square inch (pressure)
BCP_ax {XX} Brake Pressure measured over axle numbered XX in psi
Speed_ax{XX} Speed measured over axle numbered XX
DMU Diesel multiple unit
LSTM Long short term memory (neural network)
Mph Miles per hour (train speed)
GPS_speed GPS-derived speed in mph
GPS General positioning System
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2.1. Related concepts and notation

The focus of the analysis is on DMU trains. A simplified DMU train is
shown in Fig. 1. Each DMU train comprises three carriages, labelled as
64, 72, and 65, assuming a single middle carriage for simplification. The
edge carriages are the leading ones and have their front axles (axles 1, 2,
11, and 12) powered. All middle carriages (marked here as a single
carriage labelled 72) have the middle axles powered (6 and 7 axles in the
figure). When braking, pressure is applied to the powered axles of all
carriages. Wheel slip activity occurs mainly in the powered axles.

2.2. Wheel slip activity

Wheel slip can be categorised into two main types: traction-limited
and adhesion-limited. Traction-limited slip is caused by excessive tor-
que or braking forces applied to the wheel, leading to loss of grip and
subsequent slip. It can result from equipment malfunctions, overly
aggressive braking or acceleration, or uneven distribution of forces
among the wheels. In general, traction limited slip can be corrected by
power/brake control, and it is easier to detect when observing large
braking forces in combination with erratic speed variability, as seen in
Fig. 2. In the figure, the travel profile includes three phases: two stop-
page segments and one travel segment. After initial stoppage, the train
accelerated until it reached about 50 mph. After time [70] intense
braking is applied with braking pressure reaching a maximum level (i.e.,
above 3 psi for both axles) resulting in the speeds at Ax1 (front axle) and
Ax12 not being well aligned anymore, indicating locked wheels slip
events. This triggers reduction in braking pressure until eventually the
train is brought to a stop.

Conversely, adhesion-limited slip is harder to detect from axle speed
and braking pressure profiles. Adhesion-limited slip occurs when the
adhesion between the wheel and the rail is insufficient to transmit the
required tractive or braking forces. It is often caused by external factors
such as wet or icy rail conditions, rail contamination, or wheel-rail ge-
ometry issues, such as out of roundness conditions (OOR or flat spots)
(Maglio et al., 2022). For example, Fig. 3 shows an example from an
experimental test on a train journey with poor track quality, which in-
cludes a sequence of flat spots in the rail surface, causing the erratic
speed profile between [40-60], which does not coincide with braking,
but it is an adhesion-limited case. However, no association of this erratic
behaviour can be made with intense braking as, in contrast to the
traction-limited case of Fig. 2, there are no braking events during the slip
and so it can easily be left uncorrected, unless it is properly detected.
Note that moderate braking events after time [80] do not cause slip and
are not associated with erratic speed patterns. Given the challenges of
adhesion-limited slip, the interest in the present work is greater in
adhesion limited slip, seeking to explore the extent to which detection,
preferably with early warning, is feasible.

Overall, in both traction-limited and adhesion-limited cases, OOR
defects on wheels and rails are significant contributors to slip phe-
nomena. They can lead to more uneven wheel-rail interface, reducing
traction, even without intense breaking and accelerating, which can also
be exacerbated through increased vibration. Due to the wide range of
factors affecting the wheel-rail interface, modelling the underlying
phenomena and applying WSP are not straightforward, as discussed
next.

2.3. Wheel - rail interface modelling and wheel slip protection

Investigating the wheel-rail interaction has been the focus of much
attention in seeking to comprehend wheel slip phenomena. When ve-
hicles accelerate, the rotational forces applied on the axles are amplified,
but when the frictional or rolling resistance between the wheel and rail
doesn’t meet the force induced by the escalated torque, it leads to over-
rotation or wheel slip activity. Furthermore, under braking conditions,
the wheels can under-rotate. Then, the braking force, acting as
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Fig. 1. Diesel Multiple Unit train and powered axles.
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Fig. 2. Traction limited slip: wheel lock causing wheel slip activity.
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Fig. 3. Adhesion - limited slip: rail track flat spot defect causing slip.

resistance, counters the rotational force from the torque under traction.
When the braking force exceeds the wheels resistive force on the rail
track, it results in the wheel lock-up, thus potentially causing flat spots.
These spots pose significant risks as the resulting repetitive impact can
damage the wheel and the rail. While small slip events may go unnoticed
and are often of little concern, excessive slip may inflict damage to the
rail and wheels (Enblom, 2009) and needs to be prevented.

The investigation of wheel slip activity has been conducted via
analysis of adhesion conditions between wheels and rail tracks (Iwnicki,
2006). In analytical modelling approaches, the ratio of longitudinal to
normal forces is represented by the coefficient of adhesion. Adhesion
coefficients need to adhere to a set of safety standards (UIC, 2005) across
all the different rail track segments. However, factors such as contami-
nation by substances like oil, snow, grease, water, leaves, wear products,
oxides, ballasts, and dust on wheel-rail interfaces significantly affect this
coefficient (Bosso et al., 2019; Wu et al., 2023). Producers of compo-
nents such as braking systems, wheels, and rails ensure their products
undergo a variety of tests under differing conditions of wear and tear, in
order to meet the stipulated standards (UIC, 2005; Barna, 2011).

Typically, this analysis is conducted offline and is driven by models that
simulate vehicle dynamics, such as braking distance, range of vehicle
velocity, wheel lock limit or slide limit, and air pressure in the braking
system (Barna, 2011). Further analysis has been reported on improving
adhesion by examining the impact of contaminants (Lewis and Olofsson,
2009; Garnham and Davis, 2009).

To minimise time and expenses related to experimental work on
wheel slip protection, existing guidelines such as those specified in (EN
15595, 2021) allow for hardware in the loop (HIL) simulations (Yin
et al., 2024), although there are restrictions regarding HIL usage.
Testing setups are divided into four distinct levels of complexity (levels
1, 2a, 2b, and 3). Level 1 refers to a basic WSP system, and often uses
modulation of the brake application. Level 2a is more advanced and has
better time response than level 1. Level 2b is more advanced than 2a and
incorporates slippage prediction. Level 3 is the most advanced WSP
system and integrates with other carriage control systems as a holistic
approach to improve vehicle dynamics and safety. Standards (EN 15595,
2021) (UIC, 2005) also lay out requirements for HIL testing. The design
guidelines for testing rigs were first introduced by BR-AEA tech in the
late 1990s (Nicks, 1998). More recently a hybrid simulator base method
was employed for WSP performance evaluation (Ishige, 2021), while a
bench test was employed to simulate the air compressed pressure in the
vehicle brakes (Hijkata et al., 2021). The simulated pressure is used to
investigate WSP performance. While the simulation can capture realistic
behaviour, it is still limited compared to the specific dynamics of a real
environment. Other approaches seek to estimate the damage inflicted on
railway carriage wheels by lock-up braking (Krénusz et al., 2021),
showing through simulations that even when meeting UIC requirements
and with WSP operating correctly, small damage can still occur on the
rail-wheel contact. Therefore, continuous monitoring and validation of
WSP is needed as investigated on a test rig (Pugi et al., 2023). While
experimental results have shown high accuracy, assumptions such as
constant vehicle mass, speed, and friction coefficients do not always
hold in operational settings. In addition, these models may involve
numerous parameters, making them hard to reliably estimate in such
operational settings. Therefore, model-driven methods have limitations
when applied to real-world applications.

WSP has been the focus of several studies which reported the
development of dedicated control systems. While such control systems
are increasingly equipping newly manufactured trains, a large propor-
tion of currently operating trains are equipped with basic only protec-
tion mechanisms and retrofitting legacy systems with such mechanisms
is complex. Control systems may follow a combination of analytical and
simulation modelling to derive appropriate torque control, to ensure
torque demand is dynamically met by the actual torque of the driving
forces, and adhesion control, seeking to control the tractive and braking
forces, preventing wheel slip (Abouzeid et al., 2022). In another
approach, numerical analysis via finite element modelling is employed
to study the wheel-rail interface phenomena (Deng et al., 2022),
providing theoretical guidance for the development of more accurate
control methods of wheel slips. Brake modelling can also be employed to
understand the wheel-rail adhesion and its impact on wheel slip (Wu
et al., 2023). However, in both previous works, success depends much
on the extent that such estimates and analytical modelling match the
observed reality and simulation-based — approaches cannot account for
the significant uncertainty around the real operational conditions.
Alternatively, measurements from the train’s drive motor current can be
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translated into estimates for the wheel speed and the train’s longitudinal
velocity, which in turn can be analytically processed for short term
wheel slip prediction. Such prediction can feed into a model predictive
wheel slip control approach (Moaveni et al., 2020). However, other
studies reported that single predictive model approaches are potentially
insufficient, as any combination of changes in the factors affecting or
contributing to wheel slip activity may render the model inadequate,
and therefore an approach which seeks to employ multiple candidate
models has also been proposed (Zirek and Onat, 2020). The develop-
ment was tested and validated under controlled conditions in dedicated
test rigs but wider testing and validation on extensive real operational
situations was not reported. However, detection of wheel slip activity
needs to be developed, tested and validated in more extensive and
wide-ranging operational situations and this remains a challenge for
trains without pre-installed advanced control mechanisms, requiring
retrofitting with more advanced solutions. In one such work, measure-
ments relevant to the wheel-rail interface are taken by installing wheel
load checkpoints through strain gauges installed on rails
(Krummenacher et al., 2018). In this work, to account for the transient
phenomena of the wheel-rail interface, wavelet analysis was performed
to extract potentially informative features. These resulted in datasets
which were annotated by reprofiling the original data with events, as
assumed by examining protocols of repair workshop of freight trains and
regular maintenance measurements of passenger trains. The annotated
datasets were then fed into a machine learning model employing support
vector machines to detect wheel slip. Such reprofiling inevitably brings
uncertainty regarding the precision of the annotation. Furthermore,
instead of focusing on the rolling stock where the actual wheel slip
originates, the developed method targets the apparent indirect obser-
vation of any observed slip activity on the fixed asset infrastructure, and
therefore is more susceptible to other unmodelled phenomena or noise.

Wheel slip control uses wheel slip quantification, such as the wheel
slip ratio, 4 defined as:

1= o, *R-V
" max(o; *R,V)

where @, is the angular speed of the wheel, R is the effective wheel
radius, and V is the linear speed of the vehicle. The wheel slip ratio can
take values from —1 (indicating full braking slip) to +1 (indicating full
traction slip), with O representing no slip. The principle of an anti-slip
controller is to trigger corrective actions (for example applying sand-
ing) when the slip ratio exceeds certain thresholds, which might be
different for acceleration (positive slip) and braking (negative slip).
Older trains where not equipped with WSP mechanisms and relied more
on driver’s expertise during operation, or on experienced technicians
and engineers during maintenance. Increasingly, trains were retrofitted
with WSP mechanisms (e.g. sanding, control systems for power/
braking/traction). Such mechanisms are commonly used in modern
trains, but legacy ones still lack them and there is a need to apply con-
dition monitoring at the wheel-rail interface to detect wheel slip given
the challenges of analytical modelling (Charles et al., 2008). However,
in practice, triggering WSP based on pre-determined 1 values and
thresholds, might not be as effective as relying on real observed
behaviour, and so an attractive alternative would be to apply a gradient
detector of changes, which can be learned from data. Overall, in related
works, testing and validation is largely performed over simulated data
and when real life measurements were involved, these were taken under
controlled conditions in dedicated test rigs, or from the permanent way
of the railway infrastructure, or in a limited way from rolling stock
measurements to derive analytical estimates to feed into predictive
controls. Wider testing and validation on extensive real operational
situations remain scarce. Therefore, data-driven approaches for slippage
detection are still needed, which can be driven by real-world operational
data which can be made available and utilised to this end.
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3. Methodology

The aim of the present work is to develop a data-driven approach for
wheel slip detection applicable to everyday operational settings. The
overall data processing workflow is illustrated in Fig. 4 and comprises
data acquisition, preprocessing, features extraction, model building, and
model performance assessment, with each stage presented next.

3.1. Stage 1: data acquisition

Urban trains, operating under varying conditions and across diverse
geographical locations, serve as the data source for this research. The
operational measurement logs comprise one year of measurements from
the daily operation of four operational trains on the same railway track.
These are approximately 160,000 datasets in total. Each dataset com-
prises time series of measurements taken across the three carriages of the
train equipped with measurement sensors. The recorded data include a
timestamp, GPS coordinates, GPS-derived train speed, axle speeds,
braking pressures and mechanisms, additional measurements from ac-
celerometers, and axles sanding levels. The datasets were further an-
notated with wheel slip events from each one of the three monitored
carriages. Any slip in one of the three such carriages would be marked as
an overall slip event. A sampling rate of 20Hz is employed. Although
such a rate can be insufficient at times in detecting the occurrence or the
development of defects, it is nonetheless sufficient for capturing slippage
phenomena, preventing the omission of any significant events, accord-
ing to industry practice in this domain. Axle numbering is as in Fig. 1,
with axles 1, 2, 6, 7, 11, and 12 being the powered ones.

3.2. Stage 2: pre-processing

Stage 2 is the pre-processing stage and involves smoothing, time
alignment, and segmentation.

Filtering: The train movements induce disturbances that typically
accompany the braking and speed signals. To reduce these disturbances
and improve signal quality, low-pass filtering in the form of an expo-
nential moving average with a window of five time steps was applied.
The rationale behind choosing this specific window size is based on the
nature of the process being monitored. Given the dynamics of the train
movement and the nature of the signals being observed, a time granu-
larity of 0.25 s has been empirically identified as appropriate for each
time step (more on this in section 3.3). It provides a balance between
smoothing out noise and retaining the essence of the signal pattern, thus
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Fig. 4. Wheel-rail interface data processing workflow.
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allowing for a more accurate representation of the process.

Time alignment: As collected data are from various locations,
desynchronization and time lags between the signals are often observed.
These phenomena necessitate the establishment of robust data align-
ment methods for the extracted data to be used for computational pro-
cesses, including machine learning. Initial alignment is accomplished
through the synchronization of the GPS time as recorded with the time
logged by the train’s axle sensors. This process constitutes the first step
of alignment. Note that an overall wheel slip event may arise from any of
the three monitored carriages, therefore a single slip event in any of
these carriages is enough to mark a specific record as corresponding to a
slip event. For this reason, data synchronisation needs to be performed
with high accuracy. Therefore, following the first alignment step, a
secondary alignment step is implemented. This involves employing
Dynamic Time Wrapping (DTW), as implemented by (Keogh and Rata-
namahatana, 2005), using the L2-norm as a distance metric to align the
data. DTW is a computational technique that provides an efficient and
effective solution for aligning sequences with similarity. Through the
application of this two-tiered time alignment procedure, the data se-
quences derived from the streaming data are adjusted to achieve a high
level of temporal synchronization. It ensures the minimization of errors
or discrepancies due to time lag or desynchronization, enhancing the
accuracy and reliability of subsequent modelling and machine learning
activities.

Segmentation: After improving the quality of the data, segmenta-
tion is performed to divide it into shorter time series segments, each one
constituting a train journey between two stations. For clarity, a train
journey is described as the continuous progression of a train from its
departure at one station until it reaches and halts at the next station. To
perform effective and accurate segmentation, several sensor measure-
ments are considered, including axle speed, brake pressure and GPS
coordinates. The first type of measurement is axle speed. For a segment
to be recorded, the speed of the axles must decrease to zero and maintain
this state for a period more than 2 min. This specific duration was chosen
based on the expert advice of domain specialists. They argued this
duration is typically the minimum normal stop duration time. However,
segmentation doesn’t rely solely on axle speeds. It also employs the
brake pressures measurement to validate that the driver has stopped as
the brake pressure will increase to a high maximum level. The first two
measurements guarantee that the train stopped but not necessarily at a
train station or depot. Hence, the next measurement involves binary
records on the actions of the train’s doors, and whether they are
unlocking, opening, or closing. Through the integration of these attri-
butes, a heuristic rule, such as “if the train doors are open and the halt
exceeds 2 min, the train is at a station” is applied as the overall seg-
mentation rule. To enhance the precision of this approach, the train GPS
coordinates are utilised to compute the distance between the train’s
current location and the closest station. For a scenario to be classified as
the train being at a station, this distance must be within an empirically
determined threshold, set to 200 m. The threshold is also from the expert
advice as the leading carriage can influence the GPS location at the
stopping stations. Data-driven processing without contextualisation is a
harder task. Employing contextualisation heuristic rules and considering
both axle speeds and door activity events, steers the segmentation pro-
cess, by grounding it to domain-specific knowledge, thereby empower-
ing stakeholders to make better informed data-driven decisions. At the
end, each time series segment is a sequence of time-stamped multivar-
iate data records, with the following attributes:

Input attributes: Sequences of data records of the following type, for
each segment [Time stamping, BCP_ax_1, BCP_ax_2, BCP_ax_6, BCP_ax_7,
BCP_ax_11, BCP_ax_12, Speed_ax1, Speed_ax2, Speed_ax6, Speed_ax7,
Speed_ax11, Speed_ax12, GPS_Speed].

Outputs (Ground truth): Sequences of binary data for each carriage,
indicating that a current measurement corresponds or not to wheel slip:
[Wheel Slip: 1 if event is true; O if event is not true] Other attributes
which contributed to pre-processing, are not employed further.
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3.3. Stage 3 feature extraction

To capture transient patterns in the axle speed values, which are
likely to be the result of wheel slip, gradient features are derived from
axle speed profiles through the angular function (t) :

_ Yt+k - Yr
p(t)=tan 1= T 1

( ) X[+k - Xt
where tan~! is the inverse tangent function, Y, represents the axle speed

at time t, and X, represents the time instance. To account for error
quantization and handle noise, the k value is set to 5 and each time step
is 0.25 s. Obtained data were labelled as normal or faulty by industry
experts, thereby including domain knowledge in the process. Specif-
ically, annotation was validated by experts using the absolute difference
of front axle 1 (located in the first carriage) and back axle 12 (located in
the third carriage), applying a rule of thumb that a difference above 0.8
mph is considered as wheel slip. Wheel slips represent a fast transition
between normal to slip conditions within short time periods and tran-
sient phenomena can be captured by wavelet analysis. A basis function y
is a wavelet, also known as a mother wavelet, if it satisfies the admis-
sibility condition:

too |~
[, @

o Wl

where ¥ is the Fourier transform of y. Many wavelets have been pro-
posed over time, for example, Haar, Daubechies, Gaussian, and Morlet
wavelets (Misiti et al., 2006). They differ from each other by their
vanishing moments, which give different local regularities. The Morlet
wavelet is used in the context of the present work, as it was seen to relate
well with how human vision operates (Daugman, 1985). The scaling
(dilatation) of the wavelet y with a factor a is defined as follows:

1 st
we(0) :alI’(5> (3)
The wavelet transform of a signal S is denoted by C and for finite

energy, at the scale (dilation) « at time ¢ is defined by:
Cla,t)=5(8) * (1) @

where * is the convolution operation. The coefficients C(a,t) measure
the variations of the signal S at the dilatation a. Brake pressures and
axles pressures are used as S during the analysis. From a qualitative
point of view, large C(a,t) values indicate irregularity of the signal S
around the position t at the dilatation a. Conversely, small values of the
coefficients indicate signal regularity. Therefore, they are likely to
convey information about slip phenomena. The sequences of these co-
efficients are then used as inputs to the next step for extended features
learning and fault classification.

3.4. Stage 3 model building

The final analysis stage involves multivariate joint LSTM and MLP
learning for wheel slip detection, which is described in more detail here.
After obtaining signals improved quality and features which are likely to
be informative, the next problem is to capture the signal dynamics,
while keeping a good balance of modelling both short and longer-term
phenomena. Conventional feed-forward networks fail to explicitly
incorporate prior predicted outputs, thereby likely missing short-term
dependencies. Various types of recurrent neural networks (RNNs),
including those reported in (Lukosevicius and Jaeger, 2009) were
designed to address this issue by introducing a feedback loop between
network layers, thereby enabling sequential learning. However, they
struggle with long-term dependency learning due to the complications
of exploding and vanishing gradients (Pascanu et al., 2012). LSTM
networks (Hochreiter and Schmidhuber, 1997) were developed to tackle
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these challenges. These networks effectively prevent gradients from
either growing infinitely (exploding) or decaying to insignificance
(vanishing). This is achieved by introducing “cell” and “gate” structures,
which guide the selection of gradient updates, into the conventional
neural network architecture. The application of LSTM methodologies to
wheel slip activity detection is justified by the inherent time lag between
causative factors (e.g., hard braking, track condition) and the resulting
observable outputs. Furthermore, wheel slips can cause damage, leading
to intermittent faults. Therefore, both short-term and long-term phe-
nomena may influence the final model outcome. Additionally, the
ability of LSTM networks to manage multivariate attributes exhibiting
complex non-linear relationships aligns well with the requirements of
the problem at hand. Therefore, LSTM modelling is applied for extended
features extraction. One LSTM is built for each one of the input signals
(brake pressures, axles speeds, GPS speed) and their outputs are then
jointly fed into a simple MLP classification model for slip detection. The
earlier described wavelet analysis has already been employed to identify
rapid signal changes.

3.5. Performance assessment

Given the nature of the detection activity, performance metrics for
classification are applied. These are precision (P), recall (R), and the
F1_score F1. Precision quantifies the percentage of real wheel slip cases
which are included in the detected ones. Recall quantifies the percent-
age of wheel slip cases identified as such. The F1-score is the harmonic
mean of the precision and recall. It is beneficial when dealing with un-
equal distribution of classes or when the significance of false positives
and false negatives diverge in a particular scenario. The metrics are as
follows.

Number of correctly predicted wheel slippage cases

Precision(P) = Number of wheel slippage predicted (correct or not) x100
(%)
Recall (R) = Number of correctly predlctet.i wheel slippage <100 ®)
Number of wheel slippage
PR
F1_ Fl)=2——
score(F1) PIR 7)

3.6. Design of experiments

The experimental process of this study utilised real-world data,
provided by an industrial collaborator. The dataset comprises records of
approximately 160,000 observations. These cover a one-year period of
urban train operations. The hyper-parameters for each method are seen
in Table 2, including settings for a grid search aimed at identified spe-
cific combinations of hyperparameters which deliver better perfor-
mance for each method. The data was partitioned into training, testing,
and validation sets, at a percentage of 60%/20%/20% respectively.
Given the time series nature of the problem, the partitioning was applied
to choose a percentage of time series segments, rather that splitting the
data of individual segments. The LSTM was implemented using the
relevant using Keras and TensorFlow libraries. To validate the effec-
tiveness of the of methodology, a comparison is made with other ma-
chine learning options.

Decision tree: (i) Maximum Depth of the Tree: A tree with a greater
depth will be more complex and could lead to overfitting of the data. A
tree with a lower depth could lead to underfitting. (ii) Minimum Samples
Split: This refers to the minimum number of samples required to split an
internal node. (iii) Minimum number of instances per leaf: This is the
minimum number of samples required to be at a leaf node. A smaller
number makes the model more prone to capturing data noise.

K-Nearest Neighbours (KNN): (i) Number of Neighbours: It de-
termines the number of nearest neighbours that will vote for the class or

Table 2
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Design of experiments and relevant parameters.

Parameters

Training

Data

MLP following
Wavelet +
LSTM

Decision trees

K-NN

Naive Bayes
Logistic
regression

SVM

Random forest

Total number of
datasets: 160,000
Training datasets:
96,000

Testing datasets: 32,000
Validation: 32,000
Number of attributes:
13

Input signals: axle
speeds, brake pressures
Output: ground truth of
slip events

Mother wavelet: Morlet
Hidden neurons per
layer: 50, 90,60
Activation: ReLU,
sigmoid, sigmoid
Solver: m-adam
Dropout parameter:
0.05

Minimum number of
instances per leave: 50
Maximal tree depth:
1000

Minimum samples split:
80

Number of neighbours:
50

Metric: Mahalanobis

Weight: Uniform weight
Algorithm: Euclidian
N/A

Regularization: Ridge
(L2-norm)

C: 1.00

Kernel: Radial Basis
Function (RBF)
Gamma: 0.001

Number of trees: 80
Maximal tree depth:
1000

Minimum samples split:
70

N/A

N/A

Empirical testing on different
number of hidden layers and
neurons for each layer.

SearchMethod: GridSearchCV

Number of instances per leave:
[1; 1000] step of 1

SearchMethod: GridSearchCV

Number of neighbours: [1; 1000],
step of 1

Distance: Euclidian, Mahalanobis
Scoring: f1-score

N/A

Training with lasso and ridge
regression. Grid search from
[0.001; 10001, step of 10
SearchMethod: GridSearchCV
Gamma: [0.001; 1000], step: 0.01

C: [-2; 2] with a step of 0.1.
Scoring: f1-score

Tested Kernels:

Linear:

Polynomial: g: range [0; 10], step
0.01 c: range [0; 10], step 0.01

d: range [0; 10], step 0.01

RBF g: range [0; 10], step 0.01
Sigmoid g: range [0; 10], step 0.01
c: range [0; 10], step 0.01
SearchMethod: GridSearchCV
Number of trees: [1; 1000], step of
1

Scoring: f1-score

determine the value of the unknown point. (ii) Distance Measure: The
distance measure is used to identify the “closest” points. (ii) The algo-
rithm used to compute the nearest neighbours. Options include ‘brute’
(brute-force search), ‘ball_tree’, ‘kd_tree’, or ‘auto’ (which attempts to
decide the most appropriate algorithm).

Naive Bayes: No parameter was used for Bayesian classification.

Support Vector Machines (SVM): Key tuning parameters in SVM
include: (i) Cost (Regularization) parameter: The cost parameter trades
off correct classification of training examples against maximization of
the decision function’s margin. (i) Kernel: It determines the type of
hyperplane used to separate the data. It can be ‘linear’, ‘poly’, ‘rbf’,
‘sigmoid’, or ‘precomputed’. It defines the kernel function to be used in
the algorithm, enabling SVM to create non-linear classifiers. (iii) Nu-
merical tolerance: This defines the influence of a single training example,
with low values meaning ‘far’ and high values meaning ‘close’. It can be
‘scale’, ‘auto’, or a float.
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Random Forest implements ensemble learning with multiple deci-
sion trees. When applied with “Random Subspaces” and “Bootstrap
Aggregating”, it takes the form of bagging.

Logistic regression: The key tuning parameters is the Cost penalty
(Regularization type).

MLP (following wavelet + LSTM): Key tuning parameters include:
(i) Number of Hidden Layers; (ii) Hidden neurons per layer; (iii) Batch Size;
The number of samples propagated through the network before updat-
ing the model parameters. (iv) Number of Epochs: The number of times
the learning algorithm works through the entire training dataset. (v)
Dropout parameter: The dropout sets the ratio of randomly selected
neurons to be ignored during training. (vii) Optimizer: The learning
method used to adapt network weights and learning rate, to optimise the
loss function.

Overall, the methodology of the data-driven wheel slip detection
approach, illustrated in Fig. 4, included data acquisition, preprocessing
through data filtering, time alignment, and time series segmentation,
followed by feature extraction, model building, and model performance
assessment. The next section presents the obtained results from applying
the proposed methodology.

4. Results

This section presents the results of the experiments introduced in
section 3. Specifically, results are first presented for traction — limited
and then for adhesion-limited slip. To aid the interpretation of the ob-
tained results, a discussion section is included, employing examples
from each type of slip. Finally, the limitations of the study are outlined,
pointing to issues open to further research. In the methods which
involved a grid search for hyperparameters, performance is reported
from applying models with the best settings identified via the grid
search. Performance is reported in terms of F1 score, precision and
recall, which are standard classification performance metrics.

4.1. Results

The performance of the methods in detecting traction — limited slip is
presented in Table 3.

Under traction-limited conditions, the slip detection appears to be
successfully performed by several of the employed models, as evidenced
by the presented classification metrics F1, Precision, and Recall. The
Random Forest model emerges as the top performer, achieving an F1
score of 99.41%, with matching precision and recall metrics (99.41%
and 99.40%, respectively). This is evidence of successfully detecting
traction — limited wheel slip. However, slip in adhesion-limited condi-
tions is more challenges. This is shown in Table 4, with lower perfor-
mance achieved by most approaches. The exception is the LSTM + MLP
model, which significantly outperforms all other models with a high F1
score of 99.94%, demonstrating high precision (99.84%) and recall
(99.43%).

Focusing on the LSTM + MLP approach, it is of interest to examine in
more detail cases of imperfect wheel slip detection. On the evidence that
adhesion-limited slip is harder to detect compared to traction-limited
cases, adhesion-limited slip cases are chosen first. To aid with the
interpretation of the results, the wheel slip activity is illustrated together

Table 3

Traction limited Validation results of the classification models in percentages.
Model F1 Precision Recall
DecisionTree 99.29% 99.29% 99.29%
kNN 98.46% 98.48% 98.45%
Naive Bayes 96.20% 96.20% 96.19%
Logistic Regression 79.76% 80.86% 78.69%
SVM 97.20% 97.25% 97.14%
Random Forest 99.41% 99.41% 99.40%
LSTM + MLP 99.28% 99.37% 99.19%
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Table 4

Adhesion limited Validation results of the classification models in percentages.
Model F1 Precision Recall
Decision Tree 92.18% 92.05% 92.31%
kNN 93.57% 93.68% 93.46%
Naive Bayes 80.91% 80.37% 81.46%
Logistic Regression 61.08% 60.69% 61.47%
SVM 80.28% 83.42% 77.37%
Random Forest 93.19% 93.08% 93.30%
LSTM + MLP 99.63% 99.84% 99.43%

with the corresponding axle 1 and 12 speeds. No braking pressure is
applied in these cases (orange coloured line in the figures), and, there-
fore, slip phenomena cannot be associated with braking. In Fig. 5, wheel
slip activity is clearly evident from time 1.4 onwards, with the two axle
speeds diverging. However, signs of wheel slip are evident earlier, with
lower intensity events at around time 0.5 and 0.8. The onboard system
marks the start of the wheel slip activity at around time 1. However, the
LSTM + MLP approach achieves to detect slip events earlier, coinciding
with these lower intensity events. They both continue to flag the con-
ditions as corresponding to wheel slip when the two axle slips differ
significantly, but the LSTM + MLP approach achieves an earlier
detection.

Fig. 6 is a case of wheel slip commencing early in the shown time
window. Again, the LSTM + MLP approach achieves an earlier detection
compared to the onboard system. The condition is a continuous case of
wheel slip, although the onboard system registers this as two separate
slip events, separated by a non-slip short duration. In both cases the
LSTM + MLP approach is clearly an improvement over the onboard
system.

Figs. 7 and 8 show cases of traction-limited slip. In these cases,
braking pressure is a significant contributor to wheel slip, and the
pressure is shown with orange colour. In Fig. 7, wheel slip events can be
recognised already before time 1 with several such events thereafter.
The first slip event coincides with a peak in braking pressure. As in the
previous case, the LSTM + MLP detects the slip earlier than the onboard
system. Any divergence between the axle speeds has a much shorter
duration compared to the adhesion limited case indicating slip events of
lower impact on the smoothness of the carriage’s movement. The LSTM
+ MLP appears to detect them with a higher sensitivity and at higher
resolution (multiple events) compared to the onboard system, which
registers a single continuous slip event. Fig. 8 illustrates the situation of
a gradual increase in braking pressure. Here, the onboard system misses
to register the slip at about time 0.25, which is nonetheless successfully
detected by the LSTM + MLP approach. The onboard system eventually
registers the slip at about time 1. This is also registered by the LSTM +

w
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Fig. 5. Example of adhesion limited wheel slip.
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Fig. 8. Example of traction limited wheel slip.

MLP approach, albeit with more precision, as occurring at about time
1.1. The movement shows fewer abrupt fluctuations compared to the
previous case, yet the LSTM + MLP approach appears to detect them
with more prevision, as it additionally registers the one occurring at
about 1.9 as a continuous slip event.
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A case of slip detection during the acceleration phase is shown in
Fig. 9. Here the train speed increases gradually, with the acceleration
becoming somewhat steeper after about time 22. The two axle speeds
diverge soon after, during a long slip event, briefly converge between
about time 55 and 60 and diverge again. The LSTM + MLP approach is
again able to detect the slip phenomena. It is noticeable that this is an
early detection, which is particularly valuable. This demonstrates that
the developed detection approach could be a valuable addition to on-
board detection systems, as the experiments performed provided evi-
dence of earlier and more accurate detection compared to onboard
systems. Interestingly, in cases such as those of Fig. 9, the early timing of
the detection could be linked to the causal relationship between the
applied braking and acceleration, and the slip, without nonetheless
resulting in false detections, i.e. braking and acceleration without slip.

4.2. Discussion

This paper presented a data-driven approach for wheel slip detection
based on the combined use of LSTM and MLP networks. The developed
approach was tested on real data from operational trains, providing
evidence of high detection performance. The developed approach does
not depend on simulation (Hijkata et al., 2021), estimation methods
(Krénusz et al., 2021), model-based (Wu et al., 2023b), or control ap-
proaches (Moaveni et al., 2020), although it could be used in combi-
nation with such methods to improve the robustness of the detection.
Furthermore, the obtained results provided evidence of ability for early
detection of slippage phenomena. Early detection is particularly
important, as in current anti-slipping control systems, detection is pri-
marily performed on the basis of speed or acceleration differences
exceeding pre-determined values, which may lead to false detections or
miss opportunities to provide early detection (Yin et al., 2024). This is
particularly useful in practice, as there is a time lag between when
braking or acceleration are applied, until their effects are observable.
Such proactive detection could enable automatic activation of control-
lers to gently disengage the brakes, moderate the applied acceleration,
or deploy additional sanding to mitigate the slip activity.

Therefore, the benefits could be applicable to a significant propor-
tion of operational trains which lack sophisticated anti-slipping control
mechanisms, and it could even improve such mechanisms where they
are currently installed. In conclusion, the performed comparative
experimental evaluation provides evidence for the superior performance
of the developed hybrid approach which combines wavelet features with
joint LSTM and MLP modelling.

The analysis presented herein nonetheless has some limitations.
Although the experiments performed considered comparisons with a
range of models, the design of experiments considered a limited range of
hyper-parameter settings for the tested approaches. Although the iden-
tified by the grid search best hyperparameters were applied in the re-
ported experiments for all employed methods, to optimise performance
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Wheel slip activity
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Fig. 9. Wheel slip activity during acceleration phase.
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based on existing evidence, such performance may vary across a wider
range of datasets or sets of models and their hyperparameters. There-
fore, results should be seen as evidence, which is indicative, although
not conclusive.

Additionally, the data annotation process, which originated from
existing operational systems, despite being overseen by subject matter
experts, may still be a source of potential errors, thereby influencing
subsequent learning and classification results. Notably, the conducted
experiments do not accommodate for contextually pertinent parameters
such as track and wheel condition, vehicle mass, and traction forces,
resulting in a possible performance constraint on the overall analysis.
Further work could consider the combined use of approaches such as the
one presented in this work with further condition monitoring (Mosleh
et al., 2023a), fault detection (Mosleh et al., 2023b), and anti-slip con-
trol mechanisms (Yin et al., 2024; Moaveni et al., 2020). Such further
work could jointly benefit from data readily available from operational
trains, and the benefits of the additional approaches in bringing in more
contextual information regarding the status of the rail-wheel interface
and the control effects of anti-slipping mechanisms. The presented work,
which demonstrates early detection capabilities, is well-aligned with
aims to equip trains with predictive monitoring capabilities, which go
beyond event detection, and can enhance existing anti-slipping control
mechanisms.

Further research could investigate the performance of an LSTM +
MLP approach in other complex wheel-rail environments. This should be
contingent on several factors, including the quality and coverage of the
datasets, the specific architecture and hyperparameters of the model,
and the variability in environmental conditions. While such an investi-
gation was beyond the scope of the present study, given the available
datasets, further work should involve additional comprehensive datasets
that cover a wider range of wheel-rail interactions under various con-
ditions. In such a study it would be of interest to investigate how the
architecture can be tailored to the complexity of the problem, and which
combination of hyperparameter settings and preprocessing would lead
to high performance. The model’s ability to generalize to new conditions
can be enhanced through methods such as transfer learning and the
integration of domain knowledge. Robust evaluation metrics and vali-
dation strategies are necessary to ensure reliable performance across
different scenarios.

5. Conclusion

This paper presented the development of a novel detection meth-
odology for train wheel sliding for two main types of wheel slip, namely
adhesion-limited and traction-limited slip, presenting evidence of high
performance with early detection capability. Instead of focusing on
theoretical models, simulation, or advanced measurements, the pro-
posed method is based on measurements which can be obtained from
actual operational trains, namely brake pressures and train carriage axle
speeds. From the end application perspective, the data workflow is
organised in four stages: signal acquisition, pre-processing, analysis, and
performance assessment. The method was effective in detecting wheel
slip activity, achieving higher performance compared to other
classification-based machine learning. The analysis was performed over
extensive data operating from diesel multiple unit trains over a period of
a whole year.

Nonetheless, the suggested approach carries certain limitations such
as partial dependence on expert annotations and the limitations linked
to the empirical determination and the settings for identifying the best
settings for the hyperparameters. The omission of contextual factors,
such as weather conditions, track condition, traction load, and wheel
conditions in the analysis also curtails the overall performance. Future
enhancement efforts could address these identified limitations and
integrate additional external data for enhanced diagnostic efficacy. Ul-
timately, the long-term research direction involves the development of a
distributed online diagnostic system with fault isolation capabilities,
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enabling analogous train systems to share newly discerned fault char-
acteristics. Increased confidence in methods such as the one reported in
the present work are a concrete positive step in this direction.
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