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Abstract

Digitization and artificial intelligence for monitoring the health conditions of switches and point machines in the railway
infrastructure has become increasingly important. By using a large unlabeled dataset of motor current curve measurements
collected over two years from 58 electro-mechanical point machines in the Netherlands—containing over 1.7 million samples—
this paper introduces an unsupervised health indicator. In contrast to many existing approaches, the indicator is comparable
across point machines and operating temperatures. It also features transparent training and prediction pipelines, and its
outputs are easily interpretable by maintenance personnel. The resulting ranking can be used to quickly gain an overview
and prioritize planned maintenance between machines. Evaluation of the health indicator on the large dataset demonstrates
behaviors that highlight the importance of condition monitoring systems that go beyond the analysis of individual current
curves. Instead, short-, mid-, and long-term observations should be synthesized into a coherent overall health assessment.
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1. Introduction

Switches and their point machines are vital components of the
railway infrastructure, influencing both network availability and
safety. A large portion of delays in railway operations can be
traced back to infrastructure failures, particularly those involving
switches, see Swier (2021). Conventional maintenance strategies
that depend on preventive actions at fixed intervals fail to provide
the high availability required without incurring excessive costs.
Consequently, operators are increasingly pursuing condition-
based and predictive maintenance strategies to overcome these
challenges.

1.1. State of the art

The authors in Hamadache et al. (2019) present a comprehensive
introduction to and overview of various fault detection and
diagnosis methods for railway point machines. A widely used
approach involves measuring the current or power curves of
the electric motors that drive the point machines and applying
data-driven techniques. This perspective is echoed in Hu
et al. (2023), where the authors offer an updated review of
data-driven—in  particular, machine-learning—approaches.

Existing fault detection and diagnosis techniques typically
operate on a per-sample basis, that is, each switch movement
is evaluated independently without leveraging historical obser-
vations from the same point machine. Environmental factors
such as temperature are sometimes incorporated, and some
approaches are trained independently for each point machine
and direction, whereas others are built on a broader dataset
that includes multiple point machines. Comprehensive labeled
datasets are rarely available and are typically of limited size,
making supervised learning impracticable.

Forinstance, the studies Huanget al. (2018), Narges et al. (2021),
and Guo et al. (2020) all follow a two-stage workflow. They first
perform a fault detection step and then classify faults using an
ensemble of small, fault-specific classifiers. The work in Narges
et al. (2021) relies on labeled data, 6,000 samples selected from
data collected of thirty-three point machines over one year, cover-
ing four fault types and the normal state. Guo et al. (2020) combine
unsupervised machine learning with expert assessments during
training, with an unlabeled training set of 19,104 samples and 500
labeled test samples. Huang et al. (2018) adopt a fully unsuper-
vised approach, on a dataset of 817 switch movements of four
point machines. In Zhang et al. (2021), the authors implement a
two-stage diagnostic system, based on limited labeled data. The
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first stage distinguishes between normal operation and several
fault modes based on power curves. This is then extended in
a second stage by incorporating information about the control
circuit, allowing the classification of multiple fault sub-classes.
The dataset contains eight fault types, each with twelve to fifty
samples, and fifty normal samples. None of these approaches
explicitly incorporate environmental factors.

In contrast, the authors in Narezo et al. (2019) introduce an
anomaly detection approach that accounts for temperature
effects using a simple normalization technique. Their dataset
consists of motor current curves from one direction of seven
switches, air temperature, and reported switch failures over
five years. It is supplemented with expert assessments of a
limited amount of samples for test purposes. The models are
trained separately for each point machine and direction and
evaluated per current curve, using a healthy training dataset.
The authors also examined the dependency of their features
on humidity and precipitation data from local weather stations,
finding no correlation. The integration of this methodology into
an operational pipeline is described in Narezo and Guzman et al.
(2022).

In Reetz et al. (2024), a diagnostic model based on Bayesian net-
works is presented that uses expert knowledge and measurement
data to determine the root cause of point machine faults. Human-
interpretable motor current curve features and other information
sources are used to provide a fuzzy multi-label classification as
decision support for maintenance engineers. The model has been
manually validated on fifty-five different scenarios, but the robust
automatic calculations of evidences from motor current curves
(and other measurement data) have yet to be implemented. While
the model generally works on a per-motor-current-curve basis,
it also contains evidence nodes that aggregate information on
past switch behavior to model cascading failures. In theory, this
approach could also be applied when directly modeling faults by
aggregating information from several recent measurements into
evidence nodes, rather than relying on a single measurement.

Bohm (2017) presents a supervised method for predicting the
remaining useful life of point machines by framing the task as
a multi-class classification problem of distinct failure-lead-time
classes. The dataset consists of motor power curves, temperature
and humidity, and switch fault reports from twenty-nine switches
over two years, albeit with recording gaps. The author acknowl-
edges that failure reports do not exactly match the true switch
state, which remains unknown, but are used as a substitute.

The authors in Atamuradov et al. (2019) construct a health indi-
cator for dry sliding-chair failure modes by fusing point machine
force, proximity, voltage, and current data and estimate remaining
useful life. The methodology is validated on field-test data from a
point machine with artificially induced sliding-chair degradation,
yielding sixty samples in total.

1.2. Challenges

Hu et al. (2023) state that ‘In the context of developing an
intelligent point machine condition monitoring and fault
detection system, it is imperative that the system exhibits
trustworthiness, robustness, and a high degree of generalization
and transferability’, and that the core essence of most of their
eight derived requirements for condition monitoring system is
to effectively address the challenges posed by limited labeled

and abundant unlabeled training data in diverse and complex
operational scenarios.

Much of the existing research does not yet take full advantage
of the vast amounts of unlabeled data that commercial implemen-
tation of sensors in the field generate. The usability of results for
operators is overlooked, as per-sample outputs must be aggre-
gated during normal operations, creating an additional barrier to
practical deployment. Many approaches lack transparency and
interpretability, which reduces the trustworthiness of the system
in real-world applications. Further, any method that seeks to ben-
efit from unlabeled data must account for at least temperature as
an environmental factor and the differences between individual
point machines.

1.3. Contributions

This paper introduces an unsupervised health indicator for point
machines based on motor current curve measurement data that
are comparable across point machines and temperatures, using a
large unlabeled dataset of 1.76 million current curves of 58 point
machines collected over two years. In line with the requirements
of maintenance operators, the entire pipeline is fully transparent,
and the resulting outputs are easily interpretable by humans. The
derived ranking can be used to quickly gain an overview and
prioritize between point machines. Further, the evaluation of the
health indicator on the large dataset of the study reveals behaviors
that emphasize the importance of condition monitoring systems
that go beyond the analysis of individual current curves. Instead,
short-, mid-, and long-term observations should be synthesized
into a coherent overall health assessment.

The remainder of this paper is organized as follows. First, the
dataset and its characteristics are described. Next, the feature
engineering steps and their results are presented. The final
selected feature is comparable across point machines. Because
the feature’s distribution shape changes with temperature,
the next section introduces a transparent health indicator
methodology that addresses this challenge. The health indicator
ranges from 0 to 1 and enables comparison across temperatures.
The approach’s sensitivity to hyperparameters and its comparison
with existing methods are discussed. In the application section,
the health indicator’s behavior and the ranking is evaluated
on the dataset and lessons for design of condition monitoring
approaches for railway point machines are discussed. The paper
concludes with a summary and an outlook on future work.

2. Data

The dataset for this study comprises measurement data of fifty-
eight single switches in the Netherlands from the beginning of
April 2023 until the end of March 2025. All switches are equipped
with a single electro-mechanical point machine of the type NSE2
(see VRS Railway Industry (2022)), operating at a nominal volt-
age of 136 V DC. Their motor current curves are measured in the
relay house using the POSS monitoring system (see Strukton Rail
(2026)) with a sampling frequency of 50 Hz; the air temperature is
measured outside of the relay house. In total, the dataset contains
about 1.76 million current curves. The dataset is unlabeled, i.e.
there is no information on the state of the point machines, rep-
resenting the typical situation in operations. Supply voltage is not
measured.
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Figure 1 Raw motor current curves of one direction of a point machine in
good condition over 10 days at different temperatures.

Figure 1 shows exemplary data of a healthy point machine at
different temperatures. As stated in the previous studies Bohm
(2017) and Narezo et al. (2019), the motor current curves of this
type of point machines exhibit a temperature dependence. The
lower the temperature, the higher the current and the longer the
duration of the switch movement. The actual asset temperature of
a point machine can differ from the air temperature measured at
therelay house, potentially reducing the accuracy of temperature-
based assessments for some point machines.

Moreover, motor current curves can be impacted by their supply
voltage. Different no-load voltage levels affect current curves
in a manner similar to temperature. Transient changes in the
operational voltage can also alter the shape of current curves, as
demonstrated in the dedicated analysis in Reetz et al. (2026). Their
main dataset consists of six months of data from a small railway
yard with six NSE2 point machines operating at a nominal voltage
of 136 V DC, all connected to a shared voltage supply. The no-load
voltage is usually around 136 V or 140 V, with a total range from
134 V to 143 V. As this information is not available for this study,
any variance in the data created by voltage fluctuations remains
unexplainable. The switches are not all in the same location, so
some variation of at least the same magnitude as in Reetz et al.
(2026) is to be expected.

A point machine has two throw directions—normal and reverse,
which can produce markedly different current curves. The pur-
poseful combination of these characteristics can inform diagnos-
tics. For this reason, they are presented separately throughout this
paper.

It should be noted that the switches in this dataset were
selected as part of another research study and include several
units that the maintenance operator deemed to be of particular
interest. Consequently, the dataset may contain a higher
proportion of faulty switches than the average switch population
in the Netherlands. This potential bias, however, does not
compromise the overall viability of the presented methodology or
the general interpretation of the results.

3. Feature engineering

Motor current curves can reveal faults by deviating from their
characteristic shape. For an NSE2-type point machine, this shape
is shown in Figure 1. After the inrush peak, the current flattens out

and decreases gradually until the switch blades reach their end
positions. At this point, the motor shuts off and the current drops
to zero. Generally, an increase in mechanical resistance during the
switch movement increases the current, whereas a decrease in
resistance reduces it. Faults within the electric motor circuit can
also impact the current profile. A list of potential features for NSE-
series point machines and some preliminary implementations are
presented in Narezo and Guzman et al. (2022) and Neumann et al.
(2023).

The objective of the feature engineering in this study is to
quantify the ‘humpedness’ of a current curve, that is, local
increases in current caused by heightened mechanical resistance,
using a transparent calculation that yields interpretable results,
ensures comparability between point machines, and remains
robust across the entire dataset.

3.1. Preprocessing

Preprocessing starts with a validity check, to sort out any
data that cannot be processed as a current curve. For this,
each measurement of a switch movement is compared with
a dynamically defined corridor. Only if the measurement is
within the limits of that corridor, it is considered a valid current
curve and fit for processing. After calibration of the corridor
hyperparameters, the validity checks in the preprocessing discard
about 0.01% of the data. The discarded data have been checked
manually, and fully consist of measurements that are not suitable
for the feature engineering, as they are highly atypical due
to sensor faults, blockages of the switch blades, and similar
reasons. On the other hand, all valid current curves that produced
outlier feature values were checked manually, and there were no
measurements that should not have passed the validity checks.
Thus the calibration of the preprocessing is considered successful,
even though the full dataset cannot be labeled manually for
testing purposes due to its size.

An example of an invalid measurement is shown in Figure 2.
Presumably, the switch was blocked at the end of its first throw (0-
9.4 s), reversed back to the starting position (9.4-10.6 s), and then
succeed in the second attempt (10.6-12.3 s). As the point machine
motor never shuts of between the movements, the sensor system
does not separate out the current curves and instead considers
them as a single measurement. Even if separated out, the first
throw would not be considered valid as there is a blockage in the
end and the second throw is shorter than usual, as the switch
blades are not locked in their end position at the beginning of the
throw and thus the point machine needs a shorter time to reverse.
Only the last throw is a typical switch throw that moves the switch
blades from end position to end position, for which features could
be calculated. In operations and for diagnostic models such as in
Reetz et al. (2024), preprocessing outliers provide valuable infor-
mation, but need to be treated separately from the remaining valid
data, as discussed later.

After the validity checks, the current curves are up-sampled
from 50 Hz to 200 Hz, using an Akima-spline, to improve resolution
both in time and current. This approach was verified using 500 Hz
motor current curves from the same point machine type obtained
from another test dataset. The improved resolution is especially
important to determine the exact timing of the inrush peak and
the turn off point, where the point machine shuts down and the
current drops to zero.
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Figure 2 A measurement flagged as invalid during preprocessing.
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3.2. Feature construction

Humps—Ilocalincreases in the current due to heightened mechan-
ical resistance—can occur at any time between the start of the
unlocking of the switch blades and the end of the locking. First,
hump search borders are defined, then all humps within these
search borders are detected.

The left hump search border is located at a fixed time interval
after the inrush peak. The right hump search border is the elbow
point toward the end of the current curve, right before the current
drops to zero. Figure 3 shows a preprocessed current curve with its
hump borders and the humps that are detected in the next step.

Box 1 Hump detection

Let 1 = (t1,21),..,Pn = (tn,2n) denote the points of
the preprocessed current curve between the hump search
borders as a time series with t as time and z as the current
value. The straight line connecting two points P; and P;
is notated as P;P;. The detection of the humps works as
follows.

1. Find a sample P; that is an initial hump, that is to
say, it lies above the straight line between its direct
neighbors z; > P;_1Pi11(t;). The initial hump edge

The concept underlying this detection algorithm was first pro-
posed in Neumann et al. (2023). In contrast to a previously imple-
mented variant in Narezo and Guzman et al. (2022), the baseline
of a hump is not defined as a horizontal line, but as the segment
between two points, and thus can be sloped, compare Figure 3.
This way, humps can also be detected during the unlocking of
the switch blades, shortly after the inrush peak, and on naturally
sloped current curves.

3.3. Feature characteristics

Based on the detection of humps, the next step is to accumu-
late this information into features. For diagnosis, several features
that indicate different properties are required. To assess the over-
all humpedness of a current curve, a one-dimensional feature
is the goal. In both cases, comparability between different point
machinesis essential so that large datasets can be exploited rather
than analyzing each point machine individually.

An intuitive way to describe the overall humpedness of a current
curveisto cumulate the areas of all humps of the curve, that is, the
sum of the areas between hump baseline and current curve, illus-
trated in orange in Figure 3, into a single value. This is called the
absolute cumulative hump area, measured in Ampere-seconds.
The relative cumulative hump area is obtained by dividing the
absolute cumulative hump area by the area under the current
curve between both hump search borders, i.e. it denotes the frac-
tion of the current curve that belong to humps. If no humps are
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Figure 4 Relation between the absolute cumulative hump area feature
and relative cumulative hump area feature on the whole dataset.

detected, both features are zero. Figure 4 shows the relationship
of these two features across the entire dataset after preprocessing
and hump detection.

Although all point machines in this study are of the same
manufacturing type, their current curves systematically differ
in length, height, and slope. These differences cannot be readily
explained by switch state, environmental conditions, age, switch
blade size, tangent, or other metadata available for these
switches. Similar individualistic behavior has been observed
in current curves of point machines of other manufacturing
types, see Hu et al. (2023). To address this, for example, the
SIDIS W system defines its extracted features for S700K point
machines relative to the characteristic power level measured at
installation, see Bohm (2017). However, there is no evidence that
the individual behavior of a point machine remains consistent
over its entire service life, whether due to gradual changes or

major maintenance actions. Consequently, simple features such
as the area under the whole current curve are generally unsuitable
for direct comparison between point machines, which is why the
absolute cumulative hump area differs markedly from the relative
cumulative hump area. To ensure comparability between point
machines, the relative cumulative hump area serves as the basis
for developing the health indicator in the next section and is often
referred to simply as ‘the feature’.

Other unsupervised learning approaches generally do not
address this issue and instead generate their features automat-
ically, for example, through autoencoders in Guo et al. (2020).
This does not guarantee comparability across different point
machines and directions, and it would fail to meet the traceability
and interpretability requirements imposed by operators.

For diagnostic purposes—such as for the model in Reetz et al.
(2024)—the position of humps, i.e. where the hump mass is dis-
tributed along the current curve, is a crucial factor. Accurately
determining this position requires additional feature engineering.
Although these aspects lie beyond the scope of the present study,
the methodology of the health indicator below can be employed
to handle the dependence of an arbitrary feature on an influencing
factor, provided that the feature is comparable across different
switches.

3.4. Feature temperature dependence and
distribution

Figure 5shows the relative cumulative hump area values of a point
machine over time. The two directions are shown in light and dark
blue. The feature data have two obvious change points, which are
caused by maintenance actions. The 28-day running means of the
two directions are visualized in light and dark orange. In case of a
manually labeled change point in the last 28 days, only the data
after the change point are used to calculate the running means.
The gray background shows the normalized empirical probability
density of the whole dataset, i.e. of all point machines. The relative
cumulative hump area is temperature dependent, with higher
values in the winter than in the summer, i.e. the current curves
in this dataset are more humped relative to their overall area,
compared with summer. At colder temperatures, point machines

10°

feature

107!

1072

normalized probability density

LS o8 S & WS
5 & 5 q) q)
» » » » »
time in UTC

o <«
o &
» »

Figure 5 Scatter plot of the relative cumulative hump area values of all measurements of the two directions of an example point machine in light and
dark blue over time, with their 28 days running averages plotted on top in light and dark orange. The gray background shows the normalized empirical
probability density of the whole dataset. The feature axis is limited to 0.15 to improve visibility, there are outliers up to 0.27.
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require more effort to move and faults that result in mechanical
resistance are exaggerated. While the feature values of all point
machines and directions are temperature dependent, the exten-
sion of this effect can differ. Thus feature values at different tem-
peratures cannot directly be compared with each other without
further modeling.

The shape of the overall distribution of the relative cumulative
hump area of all point machines varies with temperature and does
not match any standard analytical distribution. Figure 6 shows
the distribution in different temperature bins, against the distri-
bution over all temperatures. Simple normalization techniques—
for example, using the temperature-dependent 95%-quantile to
rescale the data to [0, 1]—would not be sufficient to make the
data comparable among different temperatures (see comparison
below).

All change points—typically introduced by maintenance
actions—are manually annotated for every point machine,
which improves the accuracy of running-average calculations. In
practice, these points would need to be identified automatically.
If detailed digitized records of the relevant maintenance activities
exist, the exact timestamps of those events could be employed
directly.

4. Health indicator
4.1. Methodology

The following method is designed to transform a previously con-
structed feature, which depends on an influencing factor, into a
health indicator that is invariant with respect to that factor. Both
the feature and the influencing factor must be continuous vari-
ables. Beyond this, no assumptions are made about their distri-
bution or other properties.

Box 2 Health indicator

Let X denote theinfluencing factor and Y the target variable,
i.e. the feature value. The whole dataset consists of obser-
vations (x;, y;) fori = 1,...,n. The health indicator algorithm
comprises the following steps:

1. Custom binning of X: for a chosen number of bins m

and the dataset (x1, ..., Xn), definexé‘k') as the uniformly

spaced bin edges and xé‘z) as quantile-based bin edges,

that is, the empirical k/m-quantiles, for k = 0,...,m.

. Binned empirical distribution of Y: calculate the

. Smoothed conditional percentile ranks of Y: for each

. Beta transformation: the smoothed conditional per-

For the blend factor A € [0, 1], define the bin edges as
Xey =X -xéz) +(1-2A) ~xéf{'), k=0,...m

and the respective bin center locations as

xoy = o T g m
2

The resulting custom binning smoothly interpolates
between uniformly spaced binning when A = 0 and
quantile binning when A = 1. The number of bins and
the blend factor are hyperparameters that should be
chosen such that each bin has sufficient samples while
a good accuracy with regard to the influence of X on Y
is retained.

empirical cumulative distribution function I'A_y’k of Y
for each bin k = 1,...,m of X. Alternatively, a kernel
density estimate can be used. Otherwise, if the data in
every bin can be adequately described by a parametric
analytic distribution (with its own shape parameters
per bin), the empirical cumulative distribution func-
tions can be replaced by their analytic counterpart,
requiring only the storage of the bin-specific parame-
ters.

sample (x;,y;), the smoothed conditional percentile
rank is defined as

Fyi(xe,) ifxi <xc,
ey =X Fy 1 Oy )+ i—xey_)Fy, k0xey)

pi = Xey —Xep_q
ifxe, , <X <X,

Fym(xc,,) ifxi > xc,,

This calculation blends the binned temperature dis-
tributions by using the distance from a sample to the
two nearest bin centers as weights for their conditional
percentile ranks.

centile ranks ps, ..., pn are, by construction, approx-
imately uniformly distributed on [0, 1]. The original
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observationsysi, ..., ¥n, however, possess a characteris-
tic shape—skewness, heavy tails,...—that is lost when
the data are reduced to ranks. To recover a compa-
rable shape while keeping the resulting score on the
unit interval, an inverse beta cumulative distribution
function Fgt 5, is applied:

Sj = FB_elta(a, ﬂ)(ﬁl)’ ’: 15'-"n

The transformation always preserves the ordering of
the ranks in the health indicator—if p; < pj, then
si < sj. The hyperparameters « and g can be cho-
sen in several ways. One option is to trim the outer
tails of the original data y1, ..., yn, rescale the remain-
ing observations to [0, 1], and then fit a Beta distribu-
tion to these scaled values. Alternatively, a quantile-
matching approach can be employed. In both cases,
the aim is to approximate the shape of the distribution
of Y across all values of X.

The resulting health indicators for different bins of the influenc-
ingfactor can now be combined and compared directly. In contrast
to common normalization techniques—for example, removing the
mean and dividing by the standard deviation for normally dis-
tributed data—this method can handle data in which the target
variable has differently shaped and scaled distributions for dif-
ferent influencing factor values. This is achieved by enforcing a
common distribution across all bins of the influencing factor. On
the downside, the spacing between target variable samples can
become distorted in some bins when the bin’s original distribu-
tion shape diverges significantly from that of the applied beta
transformation. In simple terms, the health indicator can be inter-
preted as comparing a given feature value with the distribution
of feature values observed at the same level of the influencing
factor. It thus describes health relative to the population under
identical conditions. In case of more than one influencing factor,
the same approach can be applied by binning each influencing
factorand forming a multidimensional grid. Each cell must contain
enough data to estimate its distribution reliably, so the grid must
be defined carefully when data are sparse.

For practical operations, a large dataset that represents the
whole population of target assets in all their health states, i.e. the
dependent variable, and for all influencing factors is used as a
training dataset. This dataset is used to manually determine all
hyperparameters (m, A, «, 8) and to train and store a model with
Steps 1and 2, while Steps 3and 4 only need to be performed on the
data that are used in application. As this approach has a low run-
time, the model training step can be performed at either the start
of an application software, or the model can be trained and stored
in the background. The model needs to be retrained if its training
data may not be representative any more. For the retrospective
analysis of a large historical dataset, a representative dataset is
chosen for model training—often, this will be the whole dataset—
and the evaluation steps are then executed on all data.

While the presented approach is simple and illustrative, any
binning approach has limited numerical precision, particularly
in the outer regions of influencing factors that exhibit a tailed
distribution and exert a strong influence on the target variable.

Generally, any method to estimate the conditional distribution
F(Y|X) that suits the data may be selected, to then compute the
conditional percentile curves and finally the ranks for the samples.
The subsequent beta-transformation step remains unchanged.
More smooth estimation methods, such as kernel regression,
typically have higher runtime for larger datasets, requiring the
model to be pretrained and stored before application. The trade-
off between runtime and implementation complexity versus
numerical accuracy must be evaluated in accordance with the
intended use of the health indicator.

4.2. Implementation

The methodology presented above isimplemented for the relative
hump area feature, with the temperature as influencing factor.

As is expected for such a dataset, the number of samples per
point machine is highly imbalanced and their usage is not uniform
over time. Some point machines are employed heavily through-
out the day, with the highest daily average reaching 147 move-
ments for both directions of a single point machine. Other point
machines are usually moved only a few times a week, aside from
short periods of frequent usage—for instance, when common train
routes are diverted due to maintenance or construction. To pre-
vent overrepresentation of a specific switch state, the training
dataset can be limited to a fixed maximum number of movements
per day for each point machine and direction, with the samples
selected at random. For this study, the limit is set to 20, reducing
thetraining dataset from about 1.76 million to 0.9 million samples.
This approach can also reduce runtimes in the case of very large
datasets that would constitute a representative training set on
their own, without impacting the accuracy. The other hyperpa-
rameters are set to m = 15, . = 0.4 for the custom binning and
a = 1.1, B = 4 for the Beta distribution.

Figure 7 demonstrates the development of the health indicator
from the feature values step by step. The chosen binning is a mix-
ture between the quantile and uniforms bins; the top plots shows
the number of samples in each bin. Even though the edge bins are
rather large, they still contain only a relatively small number of
samples compared with the other bins. The second plot shows the
histograms of the feature values per bin. For each bin, the feature
has a differently shaped, skewed, nonnegative distribution with
outliers. This behavior makes conventional scaling approaches,
e.g. arescaling with a smooth maximum or 90%-quantiles to [0, 1],
on these data unreliable in application. The third plot shows the
resulting conditional percentile ranks, with the same custom bin-
ning after their calculation for visualization purposes. The limited
number of samples at very low and high temperatures results in a
not completely uniform distribution of the ranks in these regions.
At low temperature, the ranks are skewed to higher values, at
higher temperature to lower values. The last plot displays the
health indicator values, again binned by temperature after their
calculation for visualization purposes. Their distributions at the
outer temperatures are also not as smooth as in the middle and
skewed the same way as the conditional percentile ranks. The
background in the lower three plots is generated using a two-
dimensional histogram of the data, normalized by its maximum
value, producing a dimensionless relative density map ranging
from 0 to 1. The color shows how populated each region is com-
pared with the most populated region; it represents a probability
density in shape but not in value.
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Figure 7 Step-wise development process on the training dataset. The plot
at the top shows the number of samples in each temperature bin. The
lower three plots show the binned empirical probability densities of the
relative cumulative hump area feature, conditional percentile rank, and
health indicator in orange. The gray backgrounds show their normalized
empirical probability densities.

4.3. Sensitivity to hyperparameters

Table 1 lists the root mean square deviation (RMSD) between
health indicators that were produced with different hyperparam-
eter settings on the entire dataset. The variation of the binning
hyperparameters m and A has little effect on the indicator values,
indicating that the methodology is robust. Whether the training
data are limited to at most 20 measurements per day per point
machine or the full dataset is used for training makes an even
smaller difference, suggesting that over-presentation of specific
switch states is not a problem for this dataset.

4.4, Comparison with other normalization
methods

Because the health indicator aims to eliminate temperature
dependence from the feature values, the baseline for comparison

is a straightforward temperature-dependent normalization
of the feature. The feature is, by design, confined to the
interval [0,1] and has a right-skewed distribution with a long
tail toward higher values, see Figure6. Suitable normaliza-
tion schemes are smoothed temperature-dependent min-
max scaling, min-95%-quantile scaling, and min-99%-quantile
scaling.

Table 2 reports Spearman’s correlation coefficient p (see Korn-
brot (2014)) between the temperature and the original feature, the
health indicator, and the normalized features. The feature has a
negative correlation of —0.357 with the temperature, as current
curves are prone to increased humpedness at lower tempera-
tures. None of the baseline normalization schemes reduce this
dependence by more than 10.78%, with a remaining correlation
of at least —0.3185. By contrast, the health indicator’s correlation
with temperature is —0.0083, a reduction of 97.68% relative to
the original feature. Thus the health indicator sufficiently removes
temperature dependence, enabling direct comparison of data col-
lected at different temperatures, whereas the baseline normaliza-
tion schemes do not.

5. Application
5.1. Results

To analyze the results, the previously trained health indicator is
evaluated across the entire dataset. Figure 8 shows the output
for some example point machines. For each point machine, the
health indicator values of its two directions are plotted against the
normalized probability density of all point machines over time.
The 28-day running means are overlaid on top; if a change point
occurs within the last 28 days, only the data following that change
point are used to compute the running means.

Point machine 1 exhibits two change points, after which the
health indicator level drops noticeably for a brief period before
gradually returning to its baseline. These drops are attributable
to maintenance actions, which, while improving the switch state
shortly, seem to be not successful in the long term. The change
points of point machine 2, on the other hand, are persistent,
with a significant improvement of the health state first in one
direction, then the other. The point machine then remains in a
healthy state for the next year. As these are caused by maintenance
actions as well, this is an example for long-term successful
maintenance. Point machine 3 shows a consistent trend of
worsening health over the two year period. The two directions
are at markedly different health levels, indicating that the point
machine has substantially more additional mechanical resistance
in its throw in one direction that the other. All these point
machines are representative cases in the dataset, with several
other point machines exhibiting similar behavior or combinations
thereof.

Point machine 4 exhibits a notable pattern, one direction shows
health worsening during the winter months, while the other direc-
tion remains largely stable aside from a mild overall upward trend
in the health indicator over the two year period. This behavior is
an outlier in the dataset and points to a temperature-dependent
fault that affects only one side of the point machine, most likely
an adjustment issue. When both directions of a point machine
exhibit temperature dependence in the indicator, other root
causes—such as a sensor fault, discrepancies between measured
air temperature and the actual asset temperature, or faults in
the switch heating system—are also possible. As it is completely
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Table 2 Temperature correlation measured using Spearman’s p and bootstrapping.

Feature Health indicator min-q95scaling  min-q99 scaling  min-max scaling
Temperature Spearman’s p —0.357 —0.0083 —0.3185 —0.3211 —0.3546
correlation
95% confidence (—0.3556, —0.3583)  (—0.0068, —0.0097) (—0.3171,—0.3198) (—0.3197,0.3224) (—0.3532, —0.3559)
interval

Reduction in temperature correlation - 97.68%

relative to feature

10.78% 10.06% 0.67%
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Figure 8 Scatter plot of the health indicator of all measurements of the two directions of example point machines in light and dark blue over time, with
their 28 days running averages plotted on top in light and dark orange. The gray backgrounds show the normalized empirical probability density of the
whole dataset.

unsupervised, the health indicator captures only the relationship
between the feature and temperature on the training dataset that
contains all point machines and directions. It indicates how a sam-
ple relates to other samples at about the same temperature. If the
feature values of a point machine have an average temperature
dependence and the switch health is otherwise stable, the health
indicator is as well. When a point machine deviates from this

AS I\ N S
N N N S

4%

Vv

expected pattern, the anomaly becomes apparentin the indicator.
Although this complicates long-term trend analysis—because
trends span a two-dimensional plane of temperature-time—the
heightened temperature dependence is not obvious from raw
measurements alone. It only becomes evident after observing
the point machine at various temperatures and comparing its
behavior with that of other point machines. In these cases, the
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health indicator delivers a genuine gain in information that is
readily interpretable and was not available before.

5.2. Time horizons

Considering the results above, condition monitoring for point
machines has three different time horizons to consider:

e Short-term: immediate failure prevention and analysis of
outliers. In the dataset, there are examples where the health
indicator shows a sudden exponential rise over hours or days,
followed by maintenance or repair. To trigger alerts automati-
cally, each indicator per point machine and direction must be
monitored for increases that exceed its usual mean and vari-
ance. Because the underlying motor current changes affect
multiple features, anomaly detection methods such as those
in Narezo et al. (2019) and Narezo and Guzman et al. (2022)—
trained per point machine and direction—can be adapted to
flag these sudden shifts and raise alarms. From an operator’s
perspective, such alerts enable rapid intervention, thereby
mitigating the impact of point machine failures on train
operations.

Further, measurements identified as outliers during
preprocessing may be of interest. Apart from sensor system
errors that can be disregarded, these outliers may include
attempted switch movements that indicate the aforemen-
tioned failures, as well as incomplete switch movements
caused by for example blockages, such as a stone from the
track ballast obstructing the blades. In such cases, the data
can provide additional information about the root cause of
the failure.

e Mid-term: robust assessment of the current health state
of the point machine. The health of most point machines
(with regard to mechanical issues) is a relatively stable state
(except for the aforementioned short-term failures), which
can include some nonfatal faults. Planned maintenance
should target these faults, prioritizing point machines that
are in the worst condition and that are most critical to
train operations. Because current curve measurement data
contain inherent variance, a point machine’s current state is
best described by aggregating the health indicator values of
recent measurements.

For robustness, the time of the last maintenance action
should be incorporated, using only data collected after that
event. By comparing the average health indicator values
immediately before and after maintenance, operators can
assess the immediate effect of the intervention and gauge
its success, within the limited perspective offered by current
curve measurements.

e Long-term: additional diagnostics and trends. In the long run,
the health indicator values reveal both trends and tempera-
ture dependence of the switch state comparative to the pop-
ulation. The latteris an important diagnostic information. The
former, together with detailed maintenance records, provides
a deeper insight into the long-term effectiveness of mainte-
nance actions and into the overall remaining useful lifetime
of the point machine. Point machines that are repeatedly
repaired without lasting success are either approaching the
end of their service life or the fault root causes were not
removed by the maintenance.

5.3. Ranking

One specific use-case of the health indicator is to derive a daily
ordinal ranking of all point machines in the available datasets
(or operated in a given region), based on their humpedness in
the recent past, here 28 days. An example of such a ranking at
a reference date can be seen in Figure 9. Each panel shows the
measurement data of one direction of one point machine, ordered
and colored by its average health indicator of the past 28 days,
from worst (top left) to best (bottom right) in row-major order.
As the two directions of a point machine can have very different
current curves, they are shown separately here. An overall health
indicator for a point machine can be defined as the maximum of
the health indicators of the two directions, as one cannot maintain
only one direction of a point machine. This ranking answers the
question ‘Which point machines are currently experiencing the
greatest irregular additional mechanical resistance during their
throws and therefore need closer remote inspection and prompt
maintenance?’. Automating this prioritization helps maintenance
operators to oversee a large number of point machines much more
efficiently. The ranking can be combined with other metrics, such
as the criticality of each switch to train operations.

While an ordinal ranking can directly be derived from the con-
ditional percentile ranks instead of the health indicator, it does
not convey any distance information between ranks and can thus
result in a distorted perception of how similar panels are. Color-
ing panels according to their health-indicator value corrects this:
panels that share the same color have comparable health values,
so even if their exact order changes from one day to the next, their
visual grouping remains consistent.

In the absence of labeled data, the most practical way to evalu-
ate the model qualitatively is to have experts visually assess the
rankings, color-coded by the health indicator, at various dates.
However, it should be noted that each panel displays a different
number of motor current curves, potentially measured at differ-
ent temperatures (see Figure 1), which means the panels are not
necessarily visually comparable in detail.

5.4. Discussion

Using the health indicator to rank point machines addresses a spe-
cific use-case that maintenance operators encounter. The behav-
ior of the health indicator on the whole dataset over time, how-
ever, offers a broader perspective on condition monitoring of point
machines with motor current curves.

To perform a precise and comprehensive diagnosis, models
must integrate not only a set of interpretable features but also
an understanding of how each feature behaves across all time
horizons. Models that evaluate only a single motor-current curve
are inherently limited in robustness and fail to capture faults that
become apparent only over longer observation windows. While
extensive research exists on anomaly detection, fault diagnosis,
and prediction at the level of individual motor current curves,
most studies do not distill their findings into easily digestible infor-
mation or actionable insights for railway operators. After all, a
single switch can be moved over a hundred times a day, with a
considerable variance in its motor current curves. Yet the overall
health status of that switch may remain essentially unchanged
for months, possibly experiencing a nonfatal fault the whole time.
The classical pipeline—first performing an anomaly detection and
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secondly a diagnosis on only the abnormal measurements—is not diagnostic system that provides an overview of the health state
a practical approach in this case. of each switch, using historic and current multi-sensor data, past

Instead, based on the results of this study, the workflow shown maintenance records, and any additional available information.
in Figure 10 is proposed. Central to the workflow is an integrated Diagnostic models should be deployed at this level, thereby
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Figure 10 Proposed workflow for an integrated diagnostic system for
railway point machines.

being able to address the key requirements for point machine
fault detection systems outlined in Hu et al. (2023). Two comple-
mentary workflows are used to access the diagnostic system for
decision support. In the first, an event-driven process, failure
alerts direct the operator to the diagnostic view of the asset, where
its current state and recent history are assessed to decide whether
and which intervention is required. In the second, a condition-
based process, point machines are continuously evaluated using
a health indicator and ranked accordingly; the lowest-ranked
point machines are selected for upcoming maintenance cycles
and subsequently analyzed in detail via their diagnostic system to
define and prioritize appropriate work orders.

Bridging the gap between existing scientific approaches and
application requires a condition monitoring system that keeps
the operator and their workflow in mind. Further, transparent
reasoning processes with interpretable results are essential when
communicating results from inherently imperfect models.

6. Conclusion and outlook

The health indicator developed in this study allows to compare
motor current measurements across varying temperatures and
among different point machines with respect to locally increased
mechanical resistance during the throw of the switch blades.
Using this indicator, an unsupervised ranking that automatically
prioritizes point machines for more extensive remote monitoring
and upcoming maintenance is generated. Furthermore, the
analysis of the indicator on this dataset demonstrates that
motor current curves must be examined across different distinct
temporal horizons to capture all relevant information. While
extensive research exists on condition monitoring at the level
of individual motor current curves, these models are inherently
limited in robustness and fail to capture faults that become
apparent only over longer observation windows.

Looking ahead, future feature engineering should map the
detected increased mechanical resistance to the distinct phases
of a switch movement and develop additional features that can be
compared across point machines. By applying the methodology
presented in this paper, more health indicators can be derived,
used as input for a diagnostic model and aggregated into a
customizable health metric. Any comprehensive diagnostic
model must adequately handle information from different time
horizons, integrate multi-sensor data, and present its results in an
interpretable manner to operators.
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