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Abstract

In order to keep complex railway systems fail-safe, sophisticated maintenance of the rolling
stock and infrastructure are most essential. Although Al-based predictive maintenance systems
exist in many different industries, there is still quite large potential for different application
scenarios. The current research shows such an example, where machine learning can be applied
to detect anomalies in the pantograph-catenary system by usinga simple convolutionalneural
network that is able to detect arc ignitions during train operation. The paper provides some
insights into the process of the system development life cycle. Starting from the initial idea to
use machine leaming for anomaly detection, over the system design of a prototype and the
training of the Keras-based machine-learningmodel, up until the evaluation of the conducted
experiments. The arcVision system prototype provides valuable insights into how a predictive
maintenance process could be established by combiningthe results from the machine-learning
modelwith rules and insights from manualinspections.
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1. Introduction

For many large technical systems, outages are either not tolerable or too costly. Therefore, many
traditional processes exist to maintain complex systems to find anomalies and fix potential defects in
advance. In most of these traditional cases, we use best practice rules, most of them implementing
maintenance intervals, based on parameters such as time, frequency or intensity of use. However, lately
and specifically in the context of the advances in machine learning, many novel types of predictive
analytic solutions are used to further optimize the traditional, mostly time-based maintenance cycles.
Predictive Maintenance (PdM) is one of the fields where Al-based prognostics and health management
(PHM) could successfully be implemented in various industries such as construction-, automotive-,
steel-, or in aeronautics and logistics. Furthermore, with the introduction of IoT, smart factories and
smart cities in the context of Industry 4.0, standardized reference models such as RAMI 4.0 [1]
(Reference Architecture Model Industry) are introduced, which provide guidelines for the
implementation of predictive maintenance systems as described in the use case of aeronautics supply
chains industries [2]. However, a recent systematic literature review of academic papers from the past
five years about PdM by Dalzochio et al. [3] also collected existing challenges in applications of many
different machine-learning techniques, while pointing out a high demand in further research
investigations in the area of applying machine learning and reasoning in the context of Industry 4.0.

Despite the railway industry being an old and traditional industry, digitalization and the potential
of predictive maintenance will not spare this industry. The complex railway system with its security
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measures, which need to be fail-safe and the sophisticated maintenance of the rolling stock and
infrastructure are most essential. For example, the European Union [4] has the aim to increase the rail
competitiveness and pursues specific goals such as decreasing the life-cycle cost of railways by 50%,
doubling the capacity and increasing the punctuality by 50% achieved by digitalization. It is important
to prevent incidents as efficient as possible, since even a minor local interruption can quickly evolve to
a major disturbance in the operation of the overall railway system. Therefore, the vision for the
conducted master thesis [5] has been created to identify a potential use case for anomaly detection in
the railway industry using artificial intelligence.

2. Current State of Applications of Al in the Railway Industry

Whenever safety plays an important role, and the resulting cost of manual maintenance effort is high,
there is a potential to apply PAM using automatic anomaly detection. Nevertheless, the possible business
cases, where Al could be used, to overall reduce the amount of manual inspection work are manifold,
and therefore triggered the first two research questions:
e RQ1: Which area contains the biggest potential for anomaly detection in railway
infrastructure?
e RQ2: What is the current state of applications of anomaly detection in railway
infrastructure?

The answer to these two questions can be derived with a literature research. One of the main aspects,
when talking about inspection of railway systems is the borderline of manual work done by humans
versus inspections that can be automated with the help of Al-based systems. Al-Douri et al. [6] state
that railway infrastructure is very complex, covers a large area and consists of many subcomponents,
which are often difficult to maintain. Numerous stakeholders, weather conditions, physical components
as well as administration, traffic situations and new investments need to be considered for the
maintenance of the system. The infrastructure can be further split into technical subsystems, such as the
substructure, track, electrical system, signaling system, and telecom system.

Gibert et al. [7] state that periodical inspection and monitoring is needed to ensure safe
transportation. Safety can be improved by more frequent inspections, reducing human errors and
automating line inspections using computer vision and pattern recognition methods. In contrast, full
automation cannot yet be implemented due to the number of different possible error modes and the
wide range of image variations that can potentially trigger false alarms. In addition, the number of faulty
components is very small, so that to little training data is available for the machine to train a robust
visual anomaly detector. Siemens Ltd. [8] has a system, which detects broken rails. They equip trains
with sensors on one of the bogies. During operations, the sensors scan the tracks and send them to the
control center. If a broken rail is detected, an alert is sent to the subsequent trains and the line can be
blocked by the control center or the existing signaling solution.

Switches are as well critical sub-systems in the railway infrastructure, as they, if malfunctioning can
lead to serious accidents. Either the train can derail or switch to the wrong line. Guzman et al. [9]
developed an anomaly detection model and integrated it in an intelligent workflow, which is used in an
operational environment. The model can calculate an anomaly score which is then aggregated with
meta-data of the corresponding switch (e.g., last maintenance, number of failures) and can take context
information such as different weather conditions or other environmental factors into account. However,
they concluded that the model could be further improved by using more features.

There is a wide range of potential areas for anomaly detection in railway infrastructure, and not only
the rails and switches, but also defects in the catenary system should be considered. One of the key
factors that influence the operation quality of high-speed trains is the electric contact between the
pantograph and the catenary system, as stated by Wu et al. [10]. Combining this fact with the insights
from conducted expert interviews that the manual inspections of rails or switches are much better
accessible for humans than the inspection of the catenary system, the idea of narrowing down the scope
to anomaly detection in the pantograph-catenary system gave the idea for the thesis statement for the



conducted master thesis of Morandi [5]. The thesis hypothesis states that it is possible to design a
prototype (arcVision System) which makes use of machine learning techniques, with the goal to help
detecting arcing in the pantograph-catenary system. According to Wu et al. [10], arcs generate areas of
high temperature on the strips, which causes the material to melt and evaporate, resulting in erosion of
the wire and strip or high thermal temperature gradients, which cause thermal stress and potential
breakage of the strip material. Predictive maintenance processes could be established with the help of
digitally recorded sensor data that detect arcing during train operation. With the help of supervised
learning, an arc detecting system could be trained, that helps to build up a predictive maintenance
system for the pantograph catenary system.

3. Business Case of the arcVision System

With almost 29’000 kilometers, Switzerland has one of the densest public transport networks in Europe
[11]. In consequence, a dense timetable, professional personnel and reliable rolling stock/infrastructure
is needed to meet this high demand and to ensure fast and safe transportation services. Despite its dense
regular interval timetables, Swiss railways are able to use their infrastructure in an optimized way.
Faulty infrastructure or rolling stock can cause delays, and even minor disturbances could provoke
major disruption to the entire timetable.

There are many causes for train delays. Some of them are predictable and some of them are yet
unpredictable. Regular maintenance can minimize the risk of delays and accidents. However, periodic
maintenance programs are time-consuming and cause unwanted idle times. Furthermore, it is important
to identify the source and root cause of the defects in order to determine appropriate maintenance
activities. Attrition or fatigue of material is one of the main causes for such maintenance.

During maintenance of the rolling stock, train parts, which have passed their operational lifetime
and further parts, which show more attrition of material than expected prior to the expiry of the
guarantee period are replaced. These procedures can be very time and resource intensive. To prevent
additional defects and maintenance, it would be helpful to understand the source of such attrition and
to localize the root causes. With the help of sensors, it is possible to collect plenty of data. However,
manual extraction, evaluation and anomaly detection of the collected sensor data is a highly time-
consuming process. In this case, artificial intelligence could help to minimize the time needed for
anomaly detection. After evaluating the data, the source of attrition can be localized and possibly
increase the operational lifetime of the affected parts on one hand and reduce time and effort for
maintenance on the other.

In order to localize the ignition from the electric spark in the pantograph-catenary system during
train operations, the time of the occurrence, the location (e.g. in a tunnel), the acceleration of the train
(e.g. mechanical forces) or further context information (e.g. weather condition) could have an influence.
As described by Wu et al. [10] the electrical contact between the pantograph and the catenary is rather
complex and variable. The operating performance of the electrical contact system of pantograph and
catenary depends on the contact resistance, contact surface heat, friction and wear. If arcing in the
pantograph and the catenary contact occurs regularly, it can cause unusual wear and even breakage of
the graphite strips, which leads to malfunction power supply respectively of the train. Therefore, it
would be helpful to know all these parameters mentioned above in order to determine why arcs occur
and where the catenary system should be inspected. Frequent arc ignition will accelerate attrition and
faster loss of material results in more frequent maintenance or malfunctioning, which eventually causes
a higher idle time or an interruption in operations.

The conducted literature review has revealed that until now, only limited research has been
conducted on automatic detection of anomalies in the pantograph catenary system using machine
learning techniques. Consequently, the feasibility of such an anomaly detection raised the following
two additional research questions:

o RQ3: Isit possible to design a prototype (arcVision System) which makes use of machine
learning techniques, with the goal to help detecting arcing in the pantograph-catenary
system?

o RQ4: To what extent can arcVision assist a human inspector and where are its limitations?



4. Prototype Design and Architecture —arcVision System

For the envisioned prototype, a supervised learning approach was chosen, for which large amounts of
test data needs to be recorded and labeled. The arcVision System prototype was developed in
cooperation with Regionalverkehr Bern-Solothurn (RBS), a Swiss public transport company in the
region of Bern and Solothurn. RBS operates a fleet of 49 trains, a train network of 53.9 kilometers and
the corresponding infrastructure. The arcVision System contains two different parts. The arcVision
Scanner, which collects the necessary sensor and context data. The arcVision Model consists of a
Convolutional Neural Network (CNN) for the training and arc detection of the recorded pictures from
arcVision Scanner to do a binary classification. Figure 1 shows the envisioned architecture of the
system.
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Figure 1: arcVision System Architecture

During train operation, data is collected with the arcVision Scanner. It consists of a single board
computer, a camera and different sensors such as GPS, accelerator, barometer, thermometer and
hygrometer and is mounted on the train’s roof. The camera’s field of view needs to be aligned with the
touching point of the pantograph and the catenary. The collected video sequences could then be used
by the arcVision Model, with an adequate pre-processing such as image extraction and the
corresponding labeling of the images.

In a second step, the video sequence is divided into single frames. As no pre-trained model or pre-
labelled data set can be used at the beginning, a screening of all video/image data is needed to search
for potential pictures with arc ignitions to be labelled. The filename of the images and the corresponding
label is then stored in a file-based database. The high effort for labeling the pictures is well known in



literature [ 12], and different techniques such as data subset selection and active labeling [13] or self-
supervised learning [ 14] have been developed, to reduce the labeling effort. The sparsity of the pictures
with arcing turned out to be only 0.02% and the task resembled to the well-known situation of finding
the needle in a haystack. However, due to an iterative approach, where the first arc picture could have
been found, the initially badly trained model could never the less help to find further candidates of
pictures with arc ignitions.

The arcVision Model is a CNN, based on Keras and TensorFlow, which allowed for a very fast
experimentation with the before-mentioned iterative approach, where the entire dataset could be
labeled, and the model be trained more effectively. The training was performed on a regular personal
computer with a dedicated GPU, which turned out to have sufficient computing power for the machine
learning task at hand.

During the fourth step, the pre-trained model was then used to predict new data sets that were
collected in subsequent test-runs. The data collection is described in further detail in the next chapter.

In the very last step, the images, which showed arc ignition can be combined with the additional
sensor data (e.g. temperature, GPS data) where additional context data can be recorded and analyzed
for the anomaly detection process, which in the end, allows domain experts to draw conclusions for the
PdM tasks.

4.1. Data Collection —arcVision Scanner

As mentioned before, to collect the necessary data (video and sensor), a corresponding device such as
the arcVision Scanner was designed during the master thesis. It consists of a Single Board Computer
(Raspberry Pi 4 Model B), a GPS receiver, a Raspberry Picamera module and extemal temperature and
humidity sensors.

As can be seen in figure 2, the prototype device was designed iteratively until the final packaging
and mounting box was ready that resisted the various weather conditions. The sensitive electronic parts
needed to be protected not only from rain, but also from fine dust. On the other hand, a continuous
power supply is necessary, which can be taken most of the time from the train via the compressor
control system. Since the train is in some situations decoupled from the catenary system, an additional
power bank is used that can provide power for up to 40 hours. Furthermore, different adjustments were
necessary to find the optimal angle and distance to the pantograph, in order to cover the entire contact
range with the catenary system, where potential arcs can be detected. With the help of a Python script,
all sensor data is stored in a file-based database.

Figure 2: arcVision Scanner (a) Temporary mount during first field test, (b) Packaging during first field
test (without external power supply), (c) Final mount box, (d) Final packaging, (e) Final mounting



4.2. Model Creation —arcVision Model

For the model creation and training, a CNN model, based on the frameworks TensorFlow, Keras and
several other state-of-the-art tools such as numPy, scikit-learn, pandas, and opencv was used. Keras
provides a deep learning API, running on top of the machine learning platform TensorFlow. When
developing Keras, the focus was laid on allowing fast experimentation, being able to go from the idea
to result as fast as possible, which is visualized and suggested by the Keras Special Interest Group [ 15]
and shown in figure 3.

With increasing popularity of machine learning, many different pre-trained models exist. A recent
survey pointing out the importance of transfer learning analysed the different approaches how existing
pre-trained CNN networks can be re-used [16]. However, a pre-trained model (e.g., one for lightning
detection), which would be potentially able to recognize arc ignition, could not be found. Furthermore,
in our specific case of detecting arcs, the advantage of transfer learning, where lots of labelling effort
and CPU hours from previous trainings could be reused to extend large sets of existing classes by this
additional class, does not provide any advantage. Therefore, the CNN for the arcVision Model was built
from scratch.
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A sequential Keras model was created and its layers are visualized using
TensorBoard (see figure 4) as described in the loop of progress in figure 3.
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4.3. Experiments

As stated in [19], the characteristic system development life cycle (SDLC) methods from projects with
pure classical software development tasks versus projects that include applications of machine learning
might be different not only in terms of the skillset of the engineers, but also in terms of the suitability
of the applied SDLC methodology. When talking about software engineering, test-driven development
is considered as one of the “best practices” of software engineering. In the case of hardware related
engineering tasks, where physical and environmental issues influence the experiments, testing is even
more essential. In software development processes, APIs (application programming interfaces) can
mimic real behavior and the code under development can be isolated from the environment. This is not
as easy for the engineering and research task of designing the arcVision Scanner prototype.
Nevertheless, partial testing can be implemented by breaking down experiments which are close to the
reality into smaller experiments, which can at least provide partial insight into facts and constraints
from the technical environment.

Figure 5: Field test maps (left: bike test, right: train)

To test the very basic functionality the first prototype iteration was equipped with a GPS receiver,
different sensors (accelerator, barometer and thermometer) and a power supply in the form of a power
bank. This test was conducted with a small bike tour, which started in the city of Bern, as can be seen
on the left of figure 5. This test revealed the necessity of having a “time to first fix” (TTFF), which is
necessary for the GPS receiver for an initial position fix. However, this first fix was achieved exactly
at the entrance of the forest (northbound), which was approximately 5 minutes after the prototype was
powered on and started. In the forest, the position could not be determined anymore, since the trees
blocked the reception of GPS data from almost every angle under or over 90°. After leaving the forest,
outlier positions were recorded. But shortly after about a minute the position could be adjusted thanks
to the environment with an open sky. The rest of the track was correctly recorded until the small power
bank ran out of power.

The second test iteration the arcVision Scanner was tested closer to real conditions and mounted on
a train. In order to be optimally prepare for this setup, the capacity of the power bank was increased
from approximately 1’000mAh to 21°400mAh. On the other hand, all devices were placed into an
enclosure in order to ensure that the components are protected against spray water, strokes or dust. The
ride was declared as a “not in service”-ride and therefore, no regular passengers were on the train. The
test route started from the Solothurn train station to Lohn-Ammannsegg and went back to Solothum
with a total of approximately 30 minutes test time (see figure 5 — right side).



In order to collect all the necessary data in a final reality check, the arcVision Scanner was integrated
into the regular daily operation time schedule for a few days on the regional express line Bern-
Solothurn. It turned out, that the arcVision Scanner was always operational and even after rainfall, no
damage could be found. Nevertheless, the roof of a train is very filthy, so the camera lens became quite
dusty and needed to be cleaned. Nevertheless, the recorded data sets could be used for the validation
and testing of the arcVision Model.

4.4. Model Validation

The validation data set contains 200 selected images with a balanced representation of the classes, where
92 had arcs and got the label “1” and 108 with no arc the label “0”, whereas images with features and
circumstances that rarely occurred were also taken into account. The accuracy of the model was
optimized over several iterations by experiments with tuning the different training parameters such as
batch size, number of epochs or different optimizers. At some point, the accuracy was considered as
“good enough” and an accuracy of 74.5% could be achieved which is determined by the confusion
matrix in table 1.

n=200 Predicted: Positive (arc) Predicted: Negative (no arc)
Actual: 76 16
Positive (arc) (True Positives) (a) (False Positives) (b)
Actual: 35 73
Negative (no arc) (False Negatives) (c) (True Negatives) (d)

Table 1: Confusion Matrix

The data validation showed that the model is in general able to detect arc ignition with an adequate
confidence as shown by some typical cases in figure 6.
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Figure 6: Typical classification samples — (a) true positives, (b) false positives, (c) false negatives, (d)
true negatives



Nevertheless, the confusion matrix indicates that the model has problems with false positives and
predicts an arc ignition where no arc ignition happened. Furthermore, the model shows a tendency of
overfitting since it was trained with a small data set and possibly learned irrelevant features.

During the validation, the authors noticed some problematic cases where the prediction was wrong,
as shown in figure 7. Especially rainy images, lamps, reflections, and small artefacts of arc ignition
were problematic. In addition, the training data was captured in a short timeframe during a few days in
autumn weather.
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Figure 7: Problematic cases

Based on the conducted experiments and the model validation, the RQ3 can be answered as the follows:
Yes, it is possible to design a system, which makes use of machine learning techniques, and detects
arcing in the pantograph-catenary system.

However, the prototype needs further improvements in terms of data collection and optimization of the
model in terms of accuracy. As we have seen in figure 6, the predictions differ heavily on the quite
diverse situations and circumstances. Nevertheless, railway infrastructure domain experts evaluated and
assessed the current prototype and there was a common understanding, that the arcVision System can
provide very valuable insights in terms of finding potential defects early by analyzing the arc ignition
pattern along the railway infrastructure system and the system seems to be a valid starting point for
PdM. However, there was also a common understanding, that drawing conclusions out of such arc
ignition patterns is still a task to be conducted by human experts. The potential overall improvement
with a combination of ML and KE is addressed below. Reflecting these findings, the following chapter
further elaborates on the combination of machine learning with knowledge engineering.

5. Combining Machine Learning with Knowledge Engineering

Based on the data of the arcVision System, a map with all arc ignitions can be generated. For all these
data points, additional sensor datacan complement the recorded data. Based on the current primary data
of the sensors, such as time, x/y-coordinates, and acceleration in x/y-direction, humidity, air pressure,
temperature and humidity, secondary data such as real speed and acceleration/deceleration of the train
can be calculated.

Furthermore, the perceived intensity of the arc ignition is heavily dependent on static as well as
dynamic context, as shown in figure 8. With static context, environmental situations of the train such
as entering a tunnel, distance from the tunnel entry, entering or exiting stations, at the location to a
switch/catenary split etc. can be determined and added to the dataset. Dynamic context information
such as the brightness of the sky (e.g. on cloudy or sunny days) could be added, in order to determine
the absolute intensity of the arc rather than the relative perception of the intensity, which depends on
the background of the picture. Based on a hypothesis, that the intensity of the arc caused by a defect at
a particular location in a tunnel has the same intensity for all trains could lead to the conclusion that the



intensity of an arc outside of tunnels is equal for different trains as well. Given this reproducibility, the
effect of different weather conditions (e.g. sunny/cloudy sky) on the perceived relative intensities on
the recorded pictures could be learned and the absolute intensities be calculated from the perceived,
relative intensities.
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Figure 8: PdM Model

This new set of calculated secondary data could serve as new featuresto train a final PAM Model, which
directly calculates a measure for presumed material deterioration based on the insights from the
arcVision System.

Another option could be to combine the predictive PdAM model with Case Based Reasoning (CBR),
as demonstrated by Zhao et. al. [20] for PAM of railway turnout systems, which are most essential for
the current high speed railway infrastructure in China. Suggestions from the machine-learning model
could be compared to the results from existing cases in the case database. It is left to the humans to
decide which suggestion they will follow in case of diverse results from the ML and the CBR model.

Based on the current state of insights from the ML model, which certainly needs more training data to
be improved over time, some facts, rules can already be stated:

e The most intense arc ignition events are in tunnels (e.g. in the current set of the 22 most
intense arcs in terms of brightness were 15 in a tunnel).

Arc intensities seem to correlate with acceleration and deceleration of the train.
The phenomenon of sparking can be observed throughout the line.

e Arcignition happens more frequently while passing a switch, which is reasonable, since this
always corresponds with a split of the wire in the catenary system, which causes the arc due
to an air gap between the pantograph and the catenary.

However, this list of facts are currently assumption, which could not yet be proven based on the current
pictures from the experiments. However, when more data is collected, these patterns can be validated,
and rules for maintenance activities can be derived.

During the evaluation with domain experts the statement was made that the arcVision System offers
an increased reliability in detecting existing arc ignitions, which were until now, only occasionally
observed and reported by the train crew in cases when, they considered it to be important. So far,
humans were not even able to detect smaller ignition events. Furthermore, the accuracy of the location
of the arc ignitions reported by humans can be substantially improved. In cases of many arc ignitions
on specific route sections, the depots have more time to plan the maintenance intervals and get more up
to date information on wear conditions of the train engines. Up until now, the visual inspections were
on a monthly base only.

The arcVision System can detect arc ignition patterns and provides some additional data about static as
well as dynamic context information. The combination and aggregation of the available data may result
in PdM tasks and activities that over time will provide more insights for human inspectors to draw



conclusions and initiate appropriate measures. As such, human knowledge and expertise is still needed
to properly categorize the cases and optimize the necessary maintenance activities. The arcVision
System can assist humans by collecting enormous amount of data, detect anomaly patterns, visualize
and analyze them in order to reduce the manual inspection work and increase the quality and reliability
of the railway infrastructure. In consequence, the RQ4 can be answered in terms of that the arcVision
System can assist a human inspector in terms of providing and processing data on a large scale.

6. Conclusionand Outlook

It is important to detect potential incidents as fast as possible and prevent defects in the railway
infrastructure, where even a minor interruption can evolve to a major disturbance. Predictive
maintenance is possible to some extent with artificial intelligence, especially when using results from
machine learning techniques to derive appropriate rules for the maintenance tasks with the help of
knowledge engineering.

The development of the arcVision System has shown that it is possible to detect arc ignitions in the
pantograph-catenary system, which can assist human inspectors to analyze the state of the health of the
current railway infrastructure and draw the right conclusions when predictive maintenance is necessary.
Although the current arcVision System prototype demonstrated that in principle, the model is able to
detect arcignitions with an adequate accuracy. Nevertheless, the confusion matrix shows that the model
has still some problems with false positives and predicts arc ignitions, which do not exist. The model
also shows signs of overfitting since it was trained with a small data set and possibly learned irrelevant
features. By using Keras, the design of the CNN is easily possibly and the application of Al and machine
learning is feasible within the context of a typical system development lifecycle. The amount of time
for the design, implementation and testing of the prototype was quite reasonable and the return on
investment of an Al-based solution development is feasible even with little prior knowledge about
machine learning. Some valuable insights about the arc ignition patterns could be derived, which were
out of reach before.

During the evaluation of the arcVision System, several railway operators were interviewed in a
qualitative way. Some of their key findings were that today, only little effort was raised to address
anomaly detection with machine learning techniques. Many hurdles need to be considered but the main
message was the importance of the cost-benefit-analysis. Some concerns were mentioned about
technology replacing humans. When Al-based systems such as arcVision can assist humans to reach a
higher quality and better reliability in collecting and processing data, they are very valuable. When
drawing conclusions, human knowledge and human wisdom were still considered superior.
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