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Executive Summary
Today’s railways need to ensure that safety and security systems, trains and infrastructure,
all combined with operations and maintenance inputs, are able to deliver a resilient
operational railway and, consequently, to meet customer requirements. In this context, the
In2Rail research project aims at contributing to the design of an advanced railway Asset
Management System that includes nowcasting and forecasting tools aiming at assessing the
current status of an asset, dealing with associated uncertainties, and predicting future asset
conditions, by exploiting data depicting the condition of the monitored asset all over its
lifetime.
Forecasting identifies the process of exploiting past and present data to make deductions
about the future, while nowcasting represents the process of exploiting past and present
uncertain or incomplete data to make deductions about the present. For example,
forecasting methods can be used to predict problems and failures over the asset by inferring
the evolution of its functional status at different future times. Nowcasting and forecasting
methodologies are of paramount importance to TMS/maintenance decision-making,
representing the future of intelligent asset management.
One of the goals of WP9 – “Nowcasting and Forecasting”, and in particular of in Task 9.1 –
“Asset status nowcasting for TMS/dispatching system”, is the study, design and development
of nowcasting methodologies to offer standardised, seamless access to synthesised network
asset statuses for TMS/maintenance decision support. The present document contains the
results of the work done for extracting an indication of the current asset status of
infrastructure railway assets from data related to their functional behaviour. This analysis,
driven by the use-cases defined in collaboration with all the WP9 partners, resulted in the
definition of a set of methodologies based on data-driven approaches that provide nowcasts
of the status of the considered assets.
This work is complementary to the one described in the other documents outputted by T9.1
(i.e. Deliverable 9.1 and 9.2), and paves the way towards the development of forecasting
methodologies (within Deliverable 9.4) and for the validation of all the solutions developed
within WP9 (within Deliverable 9.5). Moreover, the work done in the context of WP9 will be
considered as useful and necessary inputs for other WPs, such as WP7 “System Engineering”
and WP8 “Integration Layer”. The collaboration between WP7, WP8, and WP9 will produce a
comprehensive Proof-of-Concept including all the technologies and results achieved through
the In2Rail lighthouse project.

GA 635900
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Description

ATO
DAB
DAG
ELM
ERTMS
ETCS
ETF
FC
FOC
GBTT
IM
KPI
KRLS
LLC
LNE
MBS
MGT
NC
POSS

Automatic Train Operation
Delay Attribution Board
Delay Attribution Guide
Extreme Learning Machines
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Infrastructure Manager
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Kernel Regularized Least Squares
Life Cycle Costs
London North Eastern
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Switches and Crossings
Station Number
Track Circuit
Traffic Management System
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1 Background
The present document constitutes the first issue of Deliverable D9.3 “Nowcasting
methodologies” in the framework of the Project titled “Innovative Intelligent Rail” (Project
Acronym: In2Rail; Grant Agreement No 635900). D9.3 is the report of part of the activities of
Task 9.1 – “Asset status nowcasting for TMS/dispatching system” related to asset status
nowcasting methodologies.
The outcome of the activities described in D9.3 is an essential instrument for In2Rail
research. For instance, it paves the way towards the exploitation of the information content
hidden in railway asset data for TMS/maintenance decision-making. Transforming this data
into actionable knowledge is a key task that must be solved in order to exploit its potential.
The nowcasting methodologies presented in this document will potentially change the shape
of the TMS/maintenance decision support systems of the future, which will be able to
integrate into the operational life of railways some key elements and some new ways for
suggesting informed decisions.
The document gives a definition of nowcasting in the context of In2Rail, it describes the
nowcasting and forecasting scenarios that have been designed through the collaboration
between all the partners involved in WP9, the proposed solutions and preliminary results.
It is important to highlight that this deliverable focuses on nowcasting modelling approaches
and on the related preliminary results achieved during laboratory tests. The next steps for
the evaluation and validation of the models, and the additional information regarding the
forecasting scenarios will be provided in Deliverables 9.5 – “Nowcasting and Forecasting
algorithms verification, evaluation and assessment report” and Deliverable 9.4 – “Asset
status forecasting and feature selection methodologies” respectively.

GA 635900
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2 Objective/Aim
The main goal of this document is to describe the work done in the context of the WP9 –
“Nowcasting and Forecasting” of the In2Rail project regarding Task 9.1 “Asset status
nowcasting for TMS/dispatching system”.
This document describes the nowcasting methodologies developed in the context of In2Rail
WP9 as part of the activities of Task 9.1. The document can be divided into two main parts:
the first one fully explores the term nowcasting from a theoretical point of view, and
comprises chapters 3 to 5. The second part describes the work done on a per-scenario basis
and the nowcasting methodologies proposed as a result of the T9.1 activities.
First of all, a literature review and state-of-art analysis has been carried out in order to
define the term and the concept of “nowcasting” in the railway context. Since the term has
never been used in this framework, it represents an original contribution to the railway
sector. Chapter 3 includes the results of this activity, and Appendix A details the state-of-theart analysis performed.
Chapter 4 groups the nowcasting approaches in four main categories and describes them by
giving examples of possible railway applications.
Chapter 5 covers the methodologies and techniques for tackling the problem of nowcasting
from a data-driven perspective by describing in details the setting, the algorithms and the
correlated problems of assessing the performance of the final models and of quantifying the
uncertainty associated with their outputs.
Chapter 6 belongs to the second part of the deliverable: it describes in a clear and concise
way both the nowcasting and the forecasting scenarios that have been designed in order to
test and demonstrate the potentialities of these data-driven approaches. The same usecases are described in depth in Appendix B (see Chapter 11, page 153).
Finally, Chapter 7 describes the proposed nowcasting solutions for the nowcasting scenarios
of Chapter 6, based on the theoretical framework built in the first part of the deliverable.
To sum up, this document provides details about the following activities:


Nowcasting definition and classification;



Nowcasting approaches;



Nowcasting algorithms and data-driven approaches;



Nowcasting scenarios;



Nowcasting solutions for the described scenarios.

GA 635900
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3 Nowcasting Definition
While the term “forecasting” is of widespread use in everyday language, the term
“nowcasting” belongs to the technical vocabulary of several research areas and its adoption
in a new context needs some clarification as it is currently used with slightly different
connotations, especially in very technical and specific fields. The purpose of this short note is
to review some of the literature where the term “nowcasting” has been already embraced,
and propose some definition in the context of transportation with specific reference to the
In2Rail project.
There is a general agreement that the term “nowcasting” appears in the Meteorology
literature, where it refers to the process of providing weather information and forecasts
from zero to few hours ahead (e.g. 30 minutes [24], 1 hour [29], 2 hours [3], 3 hours [25][30],
6 hours [15]). In general, the term “nowcasting” is used when dealing with sudden events
(e.g. thunderstorms, lightning, tornados) that cannot be predicted by conventional
forecasting approaches and can be disruptive or represent a safety threat. In this sense the
term is used for differentiating from “forecasting” both in terms of timeframe (forecasts are
long-term predictions, nowcasts are short-term predictions) and of methodology (nowcasts
are produced with different approaches and algorithms, respect to forecasts).
In any case, despite these slightly different interpretations the common meaning of the term
is:
Meteorology meaning: Estimation of a future event that will happen in a very short
timeframe with respect to the one usually associated with- forecasting.
In the last years, the use of the term “nowcasting” has spread in other areas, including
Economics, Political Studies, Social Networks Mining, and Environmental Sciences. Each of
these fields have adopted a slightly different meaning, but with the clear objective of
differentiating it from the term “forecasting”, which is used in the usual sense.

3.1 Nowcasting in Economics
The term “nowcasting” has been recently adopted in the field of Economics [11][22], where
it is used to highlight the fact that a current economic figure, which is the objective of the
nowcast, cannot be perfectly estimated due to the staggered release of the data needed for
computing it. However, as new data becomes available, the estimation can be refined and
the target value can be identified with better accuracy or confidence1.

1

[11] “A formal method is developed for evaluating the marginal impact that intra-monthly data releases have
on current-quarter forecasts (nowcasts) of real gross domestic product (GDP) growth. The method can track
the real-time flow of the type of information monitored by central banks because it can handle large data sets
with staggered data-release dates. Each time new data are released, the nowcasts are updated on the basis of

GA 635900
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It is interesting to note that sometimes the value of interest could be referred to a past time,
in the sense that the data needed for computing it becomes available when the time, which
the objective value is referred to, is already passed [7]. This is why some authors refer to
nowcasting as the “…prediction of the present, the very near future and the very recent
past.” [4]. In some cases, the data is imprecise because it is collected through the Internet,
as in the case described in [17][31][5], where the nowcasting of economic figures is
produced by analysing Google-derived searches and using them as explanatory variables in
regression models. In general, however, it is assumed that the all the macro-economic data
are typically available with some lag and many missing values, so that the uncertainty about
the data is implicitly assumed in any nowcasting process2 [23].
In [6] four different reasons why nowcasting (“forecasting the current state”) is needed for
economic figures are discussed. First and foremost, not all contemporaneous data are
available at the time their information is required; secondly, many economic data are
themselves only preliminary and subject to potentially substantial revisions; thirdly, different
components of the data are unavailable in different periods and so are missing on a nonsystematic basis; fourthly, even if actual values are available, nowcasts are still produced
because they act as “early warning signals”.
The term “nowcasting” has also been borrowed with a similar meaning by the Political
Studies research area3 [20].
In summary, in the Economic field, the term “nowcasting” is used with at least three
different, even if related, meanings:


Economics meaning 1: Estimation of a future value, that will be identified in a shorter
time with respect to the usual timeframe associated with forecasting.



Economics meaning 2: Estimation of a present (or even past) value that cannot be
precisely defined because the data needed for identifying it becomes available
asynchronously or carries a lot of uncertainty.



Economics meaning 3: Estimation of a present value that acts as an early warning
signal (e.g. as an anomaly detector).

progressively larger data sets that, reflecting the unsynchronized data-release dates, have a “jagged edge”
across the most recent months.”
2
[23] “…this problem is called “nowcasting” rather than “short-term prediction” in order to emphasize the fact
that when nowcasting, the time of availability of the data is not the same for all variables, in particular for the
possible predictors, and to emphasize that the horizon of prediction is “today” rather than “tomorrow”.”
3
[20] “What does the model predict now? From this perspective, a researcher can continuously update the
forecast over the entire electoral cycle.”

GA 635900

Page 14 of 232

In2Rail

Deliverable D9.3
Nowcasting methodologies

3.2 Nowcasting in Social Network Mining
“Nowcasting” has been used in Social Network Mining with the meaning of collecting and
interpreting uncertain data to estimate some figure of interest, like citizens’ mood or flu
epidemic spread [19][18]. The temporal aspect of the meaning has almost disappeared in
this context, as the estimation is targeting a present and not a near-future figure, but the
term “nowcasting” is used in place of the better-known term “estimation”. In fact, the
objective is to highlight the fact that collected data are imprecise as they are inferred
indirectly from the Internet social networks. On the contrary, collecting precise data (e.g.
through direct population sampling or interviewing) would result in an unacceptable delay in
obtaining the result of interest.
Social Network Mining meaning: Estimation of a present value through the interpretation of
indirect and imprecise information.

3.3 Nowcasting in Environmental Sciences
Environmental Sciences adopt a similar definition. In [10], for example, nowcasting is used
for estimating the biological contamination of beaches and recreational waters. The word
“forecasting” is used for predictions of 24-48h in the future, while “nowcasting” indicates
short-term predictions that use current or past observations that would be unavailable at
present time (e.g. lab tests) or data that can indirectly affect the phenomenon of interest
(e.g. wind speed and direction, rain intensity, day of the week, etc.).
Environmental Sciences meaning: Estimation of a present value through past or indirect and
potentially imprecise observations.

3.4 Nowcasting in Medicine
The adoption of the term “nowcasting” in medicine has gained a similar connotation. In [9],
for example, the term is used for real-time tracking of epidemics, which is considered a
difficult task because of the inherent delay between the onset of symptoms or
hospitalizations and reporting. Nowcasting is used for correcting reporting delays and
anticipating the actual number of hospitalizations in real-time, during the ascent and
descent of an epidemic. A similar meaning is adopted in [13] where the Heat-Health Watch
system is described with the purpose of nowcasting excess mortality in a population, using
incomplete surveillance data to estimate the number of deaths in near-real time during a
heatwave, and in [16] where the limitations of current data on virus outbreak and
geographical transmission are overcome through probabilistic models.
The use of the term for indicating Internet (and thus imprecise) sampled data is also
widespread in the medical field, where Google Trends is used for nowcasting several

GA 635900
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medicine-related figures in the German population, with a particular focus on
otolaryngology [2].
Medicine meaning 1: Estimation of a present value through indirect or potentially imprecise
observations.
Medicine meaning 2: Estimation of a present value for real-time tracking of anomalous
events.

3.5 Nowcasting in Transportation
The use of “nowcasting” in Transportation seems to be quite rare.
A large part of the literature in the Meteorology area deals with the application of weather
nowcasting to Transportation, for example, the decisions for operation of air traffic [24],
winter road maintenance and safety [25][27], ice formation on overhead railway
transmission wires [26], and thunderstorm nowcasting in support to air traffic management
[21]. It is interesting to note that transportation systems are exploited as data sources for
nowcasting economic activity [1][8][14], but we are obviously interested in the opposite
direction of information inference. Despite being very scarce, some examples exist where
the main use of the term “nowcasting” is similar to the one used in Economics. For example,
in [12] the term is used to describe the process of inferring urban traffic from a sub-sample
of 2% of the vehicles, using their GPS data. In other words, its use is more related to the
uncertainty of the data than to the time frame of the estimation.
A clearer distinction is made in [28], where the use of the term “nowcasting” refers to
estimations of road traffic conditions, when no spatiotemporal dependencies of traffic flow
are available. This is an interesting aspect of the distinction between “nowcasting” and
“forecasting” approaches as it also appeared during the brainstorming at the In2Rail WP9
Kick Off meeting in Hannover, where a differentiation was made between “local” forecasts
(e.g. values that can be estimated independently from other figures) and general forecasts,
that should take in account the structure and dependencies of the entire or, at least,
dependent parts of the transportation network.

3.6 Nowcasting for In2Rail
Given the examined literature, it seems clear that the use of the word “nowcasting” can be
associated with: a shorter timeframe respect to “forecasting”, a different approach or
algorithm for performing the estimation of the value of interest, the fact that the data used
for the estimation is imprecise, uncertain, incomplete or is only indirectly related to the
phenomenon of interest, and, finally, with the purpose of providing an alert for a sudden
event or a possible anomaly.

GA 635900
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It is clear that the term is vague enough to be stretched to cover all these slightly different
meanings, so a formal definition is not necessary nor, probably, useful. A reasonable simple
definition could be adopted in the framework of the In2Rail project for differentiating
“forecasting” and “nowcasting” processes:
Forecasting: The process of exploiting past and present data to make deductions about the
future.
Nowcasting: The process of exploiting past and present uncertain or incomplete data to
make deductions about the present.
Note that, as it is assumed that forecasts would be in uncertain any case, because of the
uncertainty linked to any event that will happen in the future, there is no need to specify
that the data for forecasting could be uncertain or incomplete. In this unfortunate case, the
accuracy of the forecast would obviously be low, even with ideal data. This is not true for
nowcasting, however, where ideal data would result in perfect nowcasts.

GA 635900
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4 Nowcasting Approaches
The problem of nowcasting, as described in Section 3, commonly arises in many fields of
research. It is possible to group the nowcasting problems for railway asset management into
four main categories, based on a literature review.
The first one targets nowcasting in presence of uncertain information, or, in other words,
when the information available from the different assets is affected by one or many sources
of uncertainty which jeopardize the ability to know the state of the assets precisely [36].
The second category refers to nowcasting in presence of missing or incomplete information.
In this case, the information needed about a status asset is not yet available, although older
or partial information is. In other words, the problem is to forecast something that has
already happened but cannot yet be (completely or partly) measured [65].
The third group is defined as the problem of nowcasting unmeasurable quantities, i.e.
quantities that cannot be measured directly, but only inferred through indirect information.
In this case, the purpose is to identify the value of the parameters that cannot be measured
or that can be measured with too high costs. In order to face this challenge, it is necessary to
build a model able to retrieve the values of those quantities, based on other measurable
information that may be correlated with the one of interest [57].
The fourth and last group can be defined as hierarchical nowcasting. In this case, the
problem is to mix physical knowledge about the problem (e.g. the physical architecture of a
system composed by several subsystems and their logical and functional dependencies) with
the knowledge that comes from the data that can be measured about the assets themselves
[45].
The next sections are devoted to the description of each of these four groups.

4.1 Nowcasting in Presence of Uncertain Information
Uncertainty involves imperfect information: this term is used in engineering and information
science and can be applied to physical measurements already collected, or to the unknown.
Measuring and estimating the uncertainty is important since it provides information about
the precision of the measurements, allowing establishing boundaries to the collected values.
Uncertainty arises mostly in stochastic environments.
Uncertainty and error are quite different concepts: the former relates to the precision of a
given measurement, while error has to do with the deviation from its accepted or true value.
The main interest is on uncertainty, because the true value is typically unknown. There are
different types of uncertainty [32]:
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Random / Statistical: caused by inherent, unpredictable fluctuations either in the
measurement apparatus, the experimenter’s interpretation thereof, and/or counting
statistics;



Systematic: could originate from imperfect calibration of instruments or interference
from environment. These will affect the results of an experiment in a predictable,
reproducible fashion;



Theoretical: in obtaining a value, theoretical assumptions may need to be made
which may have their own associated uncertainties.

Taking into account the given definition of uncertainty, nowcasting in presence of uncertain
information is the problem of assessing the precision of a measurement regarding the
characteristics of both the monitoring system generating the information and of the
monitored asset. It comprehends methodologies able to estimate how much uncertainty
characterizes the available data. This problem can be faced with different state-of-the-art
techniques, which could be adapted to railway asset management [103]:


Confidence intervals: the uncertainty is estimated through the use of the Frequentist
statistic techniques that do not assume any prior knowledge about the data;



Fiducial Intervals: the uncertainty is estimated through the use of the Bayesian
statistic techniques that can easily encapsulate prior knowledge about the
uncertainty that we want to assess;



Resampling techniques: fully data driven approaches, which try to extract as much
knowledge as possible directly from the data by exploiting statistical inference
procedures.

Uncertainty is also deeply connected with the problem of sensitivity analysis, which is the
study of how the uncertainty in the output of a model or system (numerical or otherwise)
can be apportioned to different sources of uncertainty in its inputs. A related practice is
uncertainty analysis, which has a greater focus on uncertainty quantification and
propagation of uncertainty [105]. Ideally, uncertainty and sensitivity analysis should be run
in tandem. The process of recalculating outcomes under alternative assumptions to
determine the impact of variables under sensitivity analysis can be useful for a range of
purposes. For instance, it can help testing the robustness of the results of a model or system
in the presence of uncertainty, or understanding the relationships between input and output
variables in a system or model.

4.2 Nowcasting in Presence of Missing/Incomplete Information
Missing/incomplete data occurs in a wide range of application domains for a variety of
reasons. For example, a sensor in a remote sensor network may be damaged and cease to
transmit data. Certain geographical regions may fail to yield measurements due to
exogenous variables (e.g. weather conditions). Different configurations of an asset could
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produce non-homogeneous set of measurements. The data related to an asset may be only
partially collected or stored. Maintenance operators may not communicate all the details
about the operations performed over the asset during a maintenance intervention.
In general, this case can be considered a random process underlying the generation of
incomplete sets of observations. This generative process can be decomposed into a
complete information generating process, and a missing information process that
determines which information of the complete set will be missing.
The analysis of missing data processes leads to the theory of missing data in terms of its
impact on our ability of understanding the state of the assets. The theory draws a distinction
between two fundamental categories, i.e. randomly and not-randomly missing data. In the
first case, the missing data process can be ignored and inference can be based on the
observed data only, resulting in a set of tractable computations. On the contrary, in case
data is not missing at random, ignoring the missing data process leads to a systematic bias.
An intuitive example of a process that violates the missing at random assumption is one
where the probability of observing the value of a particular feature depends on the value of
that feature [106]. This affects the ability to understand the state of the asset since the
missing information is exactly what is needed to understand its state [107] [108].

4.3 Nowcasting of Non-Measurable Quantities
The problem of nowcasting non-measurable quantities arises both when a quantity cannot
be directly measured (e.g. it requires invasive operations or to put the asset on hold during
its use), or it is too costly to do. In this case, the goal is to estimate the desired quantity by
using indirect information coming from other easily and cost effective measurable quantities
that are correlated with the quantity of interest.
The core of this type of nowcasting resides in the exploitation of several different
heterogeneous “sensors” [109]. In literature, this problem is often called inverse problem
[33] [34] [35] because the objective is to measure changes in a quantity (the cause), by
observing changes in other quantities (the effects). Inverse problems are typically ill posed,
as opposed to the well-posed problems more typical when modelling physical situations
where the model parameters or material properties are known. While inverse problems are
often formulated in infinite dimensional spaces, limitations to a finite number of
measurements, and the practical consideration of recovering only a finite number of
unknown parameters, may lead to the problems being recast in discrete form. In this case,
the inverse problem will typically be ill-conditioned. Consequently, two limitations have to
be faced [110]:


often not all the indirect quantities which may be related to the quantity of interest
are accessible;



in order to build the model, only a finite amount of historical data can be exploited.
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On the one hand, it is possible to collect all indirect measurements that may be relevant for
the estimation of the desired quantity without affecting the costs and the in-service
exploitation of the assets too much. On the other hand, one has to build a model that is also
able to extrapolate and give meaningful information about situations for which no historical
data are available. The latter concept is known as generalization ability of the model. The
generalization is the ability of a model to give a precise answer not only on the historical
data exploited to build the model, but also in situation that has never occurred in the past.
This implies a risk, since an induction process is performed. Risk can be defined as the
intentional interaction with uncertainty. Estimating and reducing the risk is one of the major
problems in nowcasting with missing information [111].

4.4 Hierarchical Nowcasting
Two main approaches exist for the derivation of asset models. The first approach is based on
the knowledge about the asset, relying on mechanistic modelling of the physical functioning
of the asset itself. The second approach infers the desired model directly from the measured
data through a statistical data analysis. The latter relies on the new generation of
information systems, when gathering a large amount of data from the assets is possible.
The knowledge-based models [76] describe the assets characteristics and take into account
their mutual interactions. Different level of accuracy can be achieved by increasing the
complexity of the analysis performed, consequently increasing the model complexity. Based
on the final purpose of the analysis, it is possible to select the best trade-off between
accuracy and complexity. This approach produces a so-called white-box nowcasting model
where the phenomena are described based on the knowledge of the physical underling
processes. On one hand, this approach produces a parametric model that can be tailored to
the specific problem under examination and that is rather tolerant to extrapolation; on the
other hand, these models could require large computational times and highly accurate
measurements in order to reach the required accuracy. The tuning of the model is a complex
process that must be supervised by one or more experts in the field. Some of the inputs
necessary to the construction of the model may be difficult or expensive to obtain (e.g.
decay state of an asset, etc.).
Data driven models [55]build upon statistical inference procedures based on the historical
data collection. The advantage of these methods is that there is no need of any a priori
knowledge of the underlying physical system. Due to the nature of these approaches it is
even possible to exploit data from many different and exogenous contexts, which could
contain hidden information that cannot be easily extracted with a parametric approach.
However, these approaches usually produce black-box nowcasting (non-parametric) models
that are not supported by any physical interpretation. A great amount of historical data is
often necessary to build reliable models.
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For these reasons a hierarchical (grey-box) nowcasting model [112] can be the solution that
benefits from the advantages of both white- and black-box nowcasting models. This
approach allows the creation of a model that is able to exploit both mechanistic knowledge
of the underlying physical principles and available measurements. Compared to white-box
models, the required accuracy is achieved with less accurate information about the problem
and so we can improve the statistical robustness of the final model thanks to a statistical
approach. Compared to black-box models, a more limited amount of historical data is
required since the physical model provides a “hint” from which the statistical one can built
upon, while allowing for a safer extrapolation of the model outside of the boundaries of the
calibration dataset.
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5 Nowcasting Algorithms
This section covers the proposed methodologies and techniques for tackling the problem of
nowcasting from a data-driven perspective, by describing in details the setting, the
algorithms and the correlated problems of assessing the performance of the final models
and of quantifying the uncertainty associated with their outputs.

5.1 Data-driven Approach
In today’s world, massive amounts of data are generated at an incredibly fast pace. In a few
minutes, informative systems around the world are capable of generating the same amount
of data that has been previously generated from prehistoric times until 2003 [336]. The need
to extract the valuable information content hidden into data and transform it into actionable
knowledge gave birth to and sanctioned the rise of data-driven methodologies and
techniques, developed by cross-relating theories coming from several different fields (such
as mathematics, statistics and numerical optimization).
Before talking about data-driven approaches, it is important to briefly decline the modelling
process in its different forms. Figure 5.1 shows the relationship between modelling by
induction, modelling by governing laws, and the usage of the model by deduction.

Figure 5.1: Induction, Governing Laws and Deduction

Building a model of a real system based on the knowledge of the underlying laws of physics
(that are known to govern the behaviour of the system) and taking into account their mutual
interactions represents the classical modelling approach, resulting in the so-called white-box
models. The construction of these models requires competence in the related application
field, and relies on the availability of technical details that are often not easily accessible. In
order to get usable knowledge from these models, it is fundamental to optimize the tradeoff between the details included in the model (i.e. the phenomena taken into account) and
the computational time needed to produce the results. However, for fast models, the
expected accuracy in the prediction of operational variables is usually relatively low.
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Modelling by induction refers to the exploitation of statistical techniques for the numerical
elaboration of historical observations of system inputs and outputs, resulting in the so-called
black-box models. It is clear from the definition that data-driven methodologies belong to
this category. These methods do not require any prior knowledge of the physical system as
the resulting model is usually not supported by any physical interpretation. Moreover, since
the model is inferred based on measurements affected by different types of noise, this
process is intrinsically under the effect of uncertainty and therefore significant amounts of
data are required for building reliable models.
Finally, the process of using an existing model (built by induction, by governing laws or by a
combination of the two approaches) to make predictions about the output of the system
given a certain input is called deduction.
In the context of In2Rail WP9, the goal was to take advantage of data-driven methodologies
to build models that can then be used to deduct (predict) the future outputs of a particular
system. In order to achieve the objectives a well-defined methodology (based on the famous
CRISP-DM [337] [338] standard for data mining) has been exploited, depicted in Figure 5.2.

Figure 5.2: Steps of Exploited Data-driven Approach

This approach can be divided in several different steps, starting from a very high level
description of a data-driven use-case and ending with the generation of a model that can be
successfully taken to the deployment phase (which is out of the scope of this research
project). The schema of Figure 5.2 also includes comments for each of the transitions
between the different logic blocks composing the process, which can be either unidirectional
or bidirectional, the latter taking into account that it might be necessary to perform iterative
processes to converge to a solution. For instance, the transition between data the Business
Understanding and End-User Needs Identification phase and the Data Collection,
Understanding and Preparation phase might have to be repeated several times since data
availability has to be checked looking at the real data. In case available data does not meet
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the requirements drawn in the Business Understanding and End-User Needs Identification
phase, the process has to start over.
The following list briefly describes the main characteristics of the logic steps:


Business understanding and End-User Needs Identification: this initial phase focuses
on understanding the high-level use-case objectives and requirements, then
converting it into a well-defined use-case (i.e. nowcasting and forecasting scenarios
for In2Rail WP9) that underlines the supposed available inputs as well as the desired
outputs of the data-driven models.



Data Collection, Understanding and Preparation: the data collection phase relates to
the gathering of all the available sources of information related to the system or
phenomena under examination in the current scenario. The data understanding
phase proceeds with activities that enable familiarization with the data, identification
of data quality problems, discovery of first insights into the data, and detection of
interesting subsets to form hypotheses regarding hidden information. Note that, as
stated above, since data availability, quantity and quality are not checked until this
step, it might be necessary to repeat the Business Understanding and End-User
Needs Identification phase. In the worst cases, the solution might be to put the usecase in a stand-by state and to wait for a new data collection campaign. The data
preparation phase covers all activities needed to construct the final dataset (i.e. the
final format for data that will be inputted to machine learning algorithms in the
Modelling phase) from the initial raw data. Data preparation tasks are likely to be
performed multiple times and not in any prescribed order, and include selection,
transformation and cleansing of data for modelling algorithms.



Modelling: in this phase, various modelling techniques are selected and applied, and
their parameters are calibrated to optimal values. Typically, there are several
techniques for the same data mining problem type, and some of them have specific
requirements on the form of data. Therefore, going back to the data preparation
phase is often necessary. The output of this phase is a set of data-driven models that
have been tested in laboratory.



Evaluation: at this stage, data-driven models that have been built appear to be of
high quality from a data analysis perspective. Before labelling the model as ready to
be passed to the deployment phase, it is important to thoroughly evaluate it and
review the steps executed to create it, to be certain that the model properly achieves
the objectives. At the end of this phase, a decision on the usage of the data mining
results should be reached.

The usage of this well-established methodology gave the opportunity to successfully
complete the largest part of the work to be done in In2Rail WP9, as it will be shown in the
next chapters. However, it is important to highlight that this deliverable only includes the
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steps of the process up to the Modelling step, and only for nowcasting scenarios. The next
step regarding the evaluation of the models, and the additional information regarding the
forecasting scenarios will be provided in Deliverables 9.5 and 9.4 respectively.
In the next sections, the range of data-driven techniques adopted for building predictive
models are introduced and generally described.

5.2 Data-driven Techniques
The goal of data-driven techniques is to build new and/or leverage existing algorithms to
learn from data, in order to build generalizable models that give accurate predictions, or to
find patterns, particularly with new and unseen similar data. This section introduces a
general categorization of these techniques, and describes different types of algorithms from
the point of view of the different problems that they are able to deal with.
The primary categories of machine learning are supervised and unsupervised learning. In a
typical supervised scenario, we have an outcome measurement, usually quantitative or
categorical, that we wish to predict based on a set of features. We have a set of historical
data, called dataset, which we can use for building a predictive model, or learner, which will
enable us to predict the outcome for new unseen objects. A good learner is one that
accurately predicts such an outcome. The main methods exploited to solve supervised
learning problems are classification, regression and time-series forecasting.
In the unsupervised learning problem we observe only the features and have no
measurements of the outcome. In this context, the goal is to describe the associations and
patterns among a set of input measures. The main methods belonging to this category are
clustering and anomaly (or novelty) detection.
The next sections describe the aforementioned techniques divided by their membership to
one of the two main frameworks (i.e. supervised and unsupervised).
5.2.1 Supervised Learning
Supervised learning [289] [290] is the task of inferring a function from labelled training data.
Each example is a pair consisting of an input object (typically a vector) and a desired output
value. A supervised learning algorithm analyses the training data and produces an inferred
function, which can be used for mapping new examples. An optimal scenario will allow the
algorithm to correctly determine the class labels for unseen instances, which is a task that
requires the learning algorithm to generalize from the training data to unseen situations.
A wide range of supervised learning algorithms are available each with its strengths and
weaknesses. Indeed, a famous “no-free-lunch” theorem states that there is no single
learning algorithm that works best on all supervised learning problems. Algorithms and
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models differ based on the task that they have to solve, i.e. classification or regression
(including time series forecast), which are covered in the next subsections.
5.2.1.1 Classification Models
Classification [289] is the problem of identifying to which set of categories (i.e. classes) a
new observation belongs, on the basis of a training set of data containing observations (or
instances) whose category membership is known. An example of classification would be the
assignment of a railway asset into "faulty" or "non-faulty" classes. In this context, the main
types of algorithms are rule-based methods, pattern matching methods, kernel methods,
neural networks and ensemble methods.
Rule based methods classify input data by exploiting a series of rules (usually a decision tree
of IF, THEN, ELSE statements) that map observations about an item to conclusions about the
item's target value – the deducted membership to a specific category [288]. In these tree
structures, leaves represent class labels and branches represent conjunctions of features
that lead to those class labels. Rule based methods leading to decision trees where the
target variable can take continuous values (typically real numbers) can be used for
regression purposes.
Among the pattern matching methods, the most important one is the K-Nearest Neighbours
algorithm [287]. The inputs of this method consist in the K closest examples in the historical
data according to certain metrics, while the output is computed by combining the values of
its K nearest neighbours in different ways:


for classification purposes, the target value results from a majority voting between
the real labels of the K nearest examples;



for regression purposes, the target value results from averaging the values of the K
nearest examples.

Kernel methods [286] are a class of algorithms for pattern analysis, whose best-known
member is the Support Vector Machine (SVM). The general task of pattern analysis is to find
and study general types of relations in datasets of historical data. Kernel methods owe their
name to the use of the kernel functions and the kernel trick, which enable them to operate
in a high-dimensional, implicit feature space without ever computing the coordinates of the
data in that space, but rather by simply computing the inner products between the images
of all pairs of data in the feature space. This operation gives to the algorithm the possibility
of “looking at the data from different perspectives”, contemporaneously highlighting the
differences and similarities of the examples under examination, and consequently allowing
the algorithm to find previously unreachable solutions. These types of algorithms can
perform either classification or regression tasks.
Neural Networks [285] are a family of statistical learning models inspired by biological neural
networks and are used to estimate or approximate functions that can depend on a large
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number of inputs and are generally unknown. Artificial neural networks are generally
presented as systems of interconnected “neurons” which exchange messages between each
other. The connections have numerical weights that can be tuned based on the historical
data, making neural nets adaptive to inputs and capable of learning.
Finally, ensemble methods [284] combine multiple models together (e.g. pattern matching,
kernel methods, neural networks) in order to obtain better predictive performance than the
ones that could be obtained from using anyone of the constituent models separately. Many
state-of-the-art algorithms search for a weighted combination of simpler classifiers [328]:
Bagging [331], Boosting [329] and Bayesian approaches [330]. Fast algorithms such as
Decision Trees are commonly used with ensembles (for example Random Forest), although
other slower algorithms can benefit from ensemble techniques as well.
5.2.1.2 Regression Models
Regression analysis [283] is a statistical process for estimating the relationships between a
dependent variable (also called “criterion variable”) and one or more independent variables
(also called “predictors”). On the one hand, regression analysis estimates the average value
of the dependent variable when the independent variables are fixed. On the other hand, it
helps understanding how the typical value of the dependent variable changes when any of
the independent variables varies, while the other independent variables are held fixed.
All the models presented for classification problems can be extended to the case of
regression. Particular attention should be given to the problem of Time Series Forecast,
which can be mapped into a regression problem and solved with the use of the techniques
described above.
5.2.1.2.1

Time Series Forecast

A time series [277] [278] [279] [280] [281] [282] is a series of data points indexed (e.g. listed,
graphed) in time order, usually taken at successive points equally spaced in time (i.e. a
discrete-time data). Time series analytics comprises methods for analysing these types of
data in order to extract meaningful statistics and other characteristics of the data, as well as
methods for forecasting future values based on previously observed ones. In this second
context, the Takens’ theorem [276] demonstrates that it is always possible to transform a
Time Series Forecasting problem into a regression one, therefore the same algorithms can
be applied.
5.2.2 Unsupervised Learning
Unsupervised machine learning [291] is the task of inferring a function to describe hidden
structure from unlabelled data. Since the examples given to the learner are unlabelled, there
is no error or reward signal to evaluate a potential solution – this distinguishes unsupervised
learning from supervised learning.
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Unsupervised learning is closely related to the problem of density estimation in statistics,
although it also encompasses many other techniques that seek to summarize and explain
key features of the data. The main methods treated in this document are clustering and
anomaly detection.
5.2.2.1 Clustering
The most common unsupervised learning method is cluster analysis, which is used for
exploratory data analysis so to find hidden patterns or grouping in data. The clusters [292]
are modelled using a measure of similarity that is defined upon metrics such as Euclidean or
probabilistic distance. Many applications require the partitioning of data points into
intuitively similar groups because it helps greatly in summarizing the data and understanding
it.
A wide variety of models have been developed for cluster analysis, each showing different
performance depending on the application scenarios and on data types. The most famous
ones differ primarily in terms of how the similarity or distance measure between data points
is defined, which is the fundamental choice to all clustering techniques.
Common clustering algorithms include hierarchical clustering, k-means clustering, Gaussian
mixture models, self-organizing maps, and hidden Markov models.
5.2.2.2 Anomaly Detection
Anomaly detection [293] (also known as outlier detection or novelty detection) is the
identification of items, events or observations which do not conform to an expected pattern
or other items in a dataset. Typically, the anomalous items will translate to some kind of
problem such as fraud, a structural defect, errors etc. Anomalies are also referred to as
outliers, novelties, noise, deviations and exceptions.
Common anomaly detection algorithms include adapted versions of k-nearest neighbours
(and similar density-based techniques), subspace-based and correlation-based outlier
detection techniques, one-class Support Vector Machines (SVM), replicator neural networks,
and also clustering algorithms.

5.3 Performance Assessment and Uncertainty Quantification Methodologies
(Proposed Validation Approach)
This section shows how to assess the performance of a predictive model and quantify its
uncertainty by exploiting state-of-art statistical methodologies. Since these procedures
represent the standard way of validating the mere numerical performance of data-driven
models, they represent the proposed validation approach for the modelling work done in
the context of In2Rail WP9, which will be carried out in the Deliverable 9.5 of this project. It
is important to note that the validation of the models in terms of the quantification of the
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expected advantage gained by their usage in day-to-day railway operations is a completely
different topic that eventually will be covered by the Deliverable 9.5.
Back to the aforementioned methodologies, they are known under the name of Model
Selection and Error Estimation techniques. They provide an assessment of the performance
of the model along with quantification of the associated uncertainty, or, in modern terms, an
estimation of the “generalization error” and the related confidence interval. In particular,
Model Selection deals with the problem of optimizing the performance of a learning
procedure by tuning the hyperparameters of any learning algorithm [295] [296].
Performance assessment of data-driven models is based on state-of-the-art statistical tools
(e.g. hold out, cross-validation, etc.). The general idea behind these tools is to use part of the
available data to build models, and then to assess their performance using the rest of the
data.
This paragraph gives a brief and concise overview of the state-of-art methodologies for
Model Selection. Resampling techniques like hold out, cross validation and bootstrap [296]
are well-known and often used by practitioners because they work well in many situations.
Nevertheless, other methods exist in literature: for example, [294] is the seminal work on
Vapnik-Chervonenkis Dimension, later improved by the Rademacher Complexity [297],
together with its localized counterpart [298]. The theory of [299], later extended by [300],
was another step forward that tightly connects the concept of “compression” to learning. A
breakthrough was made with the Algorithmic Stability [301] [302] [303]. The PAC-Bayes
theory represents another fundamental brick [304] [305] [306] [307] for MS, especially in the
context of ensemble methods [308] [309]. Finally, Differential Privacy (DP) allowed to reach
a milestone result [310] [311], for which a major result is a novel procedure called
Thresholdout [312] [313] [314].
In this project, we propose to use the Cross-validation as one of the most powerful tool in
the context, and consequently, we further describe its principles. Cross-validation is a model
validation technique for assessing how the results of a statistical analysis will generalize to
an independent data set. It is mainly used in settings where the goal is prediction, and one
wants to estimate how accurately a predictive model will perform in practice. In a prediction
problem, usually a model is given a dataset of known data on which training is run (training
dataset), and a dataset of unknown data (or first seen data) against which the model is
tested (testing dataset), so to limit problems like overfitting, to give an insight on how the
model will generalize to an independent dataset (i.e., an unknown dataset, for instance from
a real problem), etc.

GA 635900

Page 30 of 232

In2Rail

Deliverable D9.3
Nowcasting methodologies

Figure 5.3: Cross Validation with (n) Rounds

Figure 5.3 shows graphically how cross validation works. Firstly, the complete dataset is
partitioned into n complementary subsets, which will be used in n cross validation rounds.
One round of cross-validation involves selecting one of the n subsets of data as the test set,
while the remaining (n-1) subsets form together the training set, and then the required
analysis is performed. Since this procedure is repeated for n rounds, in which in turn each of
the data partitions is used as test set, at the end of the process each data partition is
exploited both for training and testing data-driven models. Finally, the results of each round
of cross-validation are averaged over the rounds, consequently reducing variability.
One of the main reasons for using cross-validation instead of using the conventional
validation, which involves simply partitioning the data set into two sets of 70% for training
and 30% for test and performing a single-run analysis, is the lack of a sufficiently large
dataset. Instead, by performing multiple rounds of cross validation on data, it is possible to
mitigate this problem, which otherwise would result in losing significant modelling or testing
capability.
In summary, cross-validation combines (averages) measures of fit (prediction error) to derive
a more accurate estimate of model prediction performance.

5.4 Feature Selection and Ranking
In parallel from predicting the behaviour of a system itself, another goal relates to the
identification of the most influencing variables. For this purpose, methods like Feature
Selection and Ranking may be used.
Feature selection is the process of selecting a subset of relevant variables or predictors for
use in model construction. The central premise when using a feature selection technique is
that the data contains many features that are either irrelevant or redundant, and can thus
be removed without incurring much loss of information [271] [272] [273]. Feature ranking
[274] [275] specializes these approaches for ranking the importance of each variable in
building a prediction model. In this way, variables that have the same informative content
are ranked as equally important. Many feature selection algorithms include variable ranking
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as a principal or auxiliary selection mechanism because of its simplicity, scalability, and good
empirical success.
The goal of feature selection/ranking is three-fold: (a) improving the prediction performance
of the predictive model, (b) providing faster and more cost-effective predictors, and (c)
providing a better understanding of the underlying process that generated the data. There
are many approaches for addressing this issue, such as:


Wrappers and embedded methods, nested subset methods, direct objective
optimization and filters for subset selection for feature selection;



Correlation criteria, single variable forecast, information theoretic ranking criteria
and other optimization-based techniques for feature ranking.
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6 Nowcasting and Forecasting Scenarios
This section includes all the information related to the Nowcasting and Forecasting scenarios
designed for the WP9 of the In2Rail project. The aim of this WP is to develop Nowcasting
and Forecasting methodologies in order to assess the current functional state of a set of
selected railway assets. According to the discussions that took place in the context of WP9,
and according to the collaboration with the WP8, the assets for which the knowledge of
their status plays a key role for TMS/maintenance decisions are:
1) Switch;
2) Crossing;
3) Track (Rail);
4) Catenary;
5) Bridge;
6) Tunnel;
7) Embankment;
8) Line section;
9) Level crossing.
Starting from this list, several scenarios for demonstrating the applications of Nowcasting
and Forecasting methodologies have been defined. Some assets have been excluded by
these scenarios due to unsolvable problems, such as data unavailability (i.e. no monitoring
systems installed on assets or no historical data).
Taking into account the work done in the definition of nowcasting, in the categorization of
nowcasting approaches, and in the state-of-the-art review for nowcasting methodologies for
railway assets, the different scenarios proposed by single or groups of partners are:


Rete Ferroviaria Italiana (RFI) – Train delay nowcasting and forecasting using
exogenous data;



Universidade Do Porto (UPORTO), Evoleo Technologies (EVOLEO) and Infraestruturas
De Portugal (IP) – Derailment risk nowcasting and forecasting;



In collaboration with Virtual Vehicle (ViF);



TrafikVerket (TRV) and Lulea University of Technology (LTU) – Switch & Crossing
probability of failure nowcasting and forecasting, and time to repair forecasting;



Strukton Rail (SR) and the Forschungszentrum der Bundesrepublik Deutschland für
Luft- und Raumfahrt (DLR) – Switch & Crossing probability of failure nowcasting and
forecasting;



Strukton Rail (SR) and University of Genoa (UNIGE) – Asset probability of failure (due
to maintenance or weather conditions) forecasting, and time to repair forecasting;




Network Rail (NR) – Delay attribution nowcasting and forecasting;
Siemens (SIE) - Nowcasting of train characteristics required for train runtime
calculation.
GA 635900
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The next section clearly defines the link between the definition of Nowcasting and its
exploitation for TMS/maintenance.
The following sections describe the scenarios in a clear and concise tabular way, while
Appendix B (see Chapter 11, page 153) contains a full detailed description of each scenario.
Additionally, a pictorial view is included for each scenario. The tables report the following
information/sections:









Title;
Organisations Involved;
Objective(s) of the scenario, which describes the general objective(s) of the scenario
in a concise and easy to understand way;
Relationship with TMS and/or maintenance, which explains the reasons why the
results of this scenario could be important for the next generation of TMS systems
and/or for future Intelligent Asset Management Systems. It is important to underline
that this part of the table only gives hints on how TMS and maintenance could use
the outputs of data-driven models, but their real exploitation and the related
mechanisms are out of the scope of this document and of the work done in In2Rail
WP9;
Description of the scenario, which includes the description of the general modelling
approach for the scenario, based on the exploited available data. This part of the
table does not describe the modelling methodologies proposed to achieve the
objectives of the scenarios, which are instead included in Chapter 7 related to
preliminary results;
Data exploited for the scenario, which includes the list of all the available data that
have been really exploited for the generation of preliminary results.

It is worth noting that, although every scenario is fully described, in some case it has not
been possible to conclude the scenarios and to deliver nowcasting and forecasting models
due to unresolvable constraints (e.g. data availability, etc.). For this reason, this chapter
includes the description of all the scenarios, which might not be further developed in the
successive chapters.

6.1 Nowcasting, Traffic Management Systems and Maintenance
This section links the definition of Nowcasting given in Section 3 with the usage of
Nowcasting methodologies for TMS/maintenance. Nowcasting refers to exploiting past and
present uncertain or incomplete data related to railway assets to make deductions about the
present asset status. This is extremely important since usually the status of an asset is not
completely accessible, instead it must be estimated due to uncertain or even
missing/incomplete information, due to the fact that some quantities cannot be measured,
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or to the fact that an asset is composed of many components which have to be considered
together. Nowcasting methodologies are able to cope with these problems.
Task 9.1 of the WP9 of the In2Rail project will specifically work on the design and
development of Nowcasting methodologies for TMS/maintenance. In particular, the results
of this task will be a set data driven models able to nowcast the current functioning state of
a set of railway assets selected during the project in order to set up a Proof of Concept. The
output of these models will be some indicators of the status of asset (e.g. Remaining Useful
Life - RUL, expresses as the remaining amount of time before a failure of an asset), which will
be passed to the TMS or to maintenance departments that will be responsible for using this
information in order to perform its own functionalities (dispatching, rescheduling, repair
actions, etc.).
Although state of the art TMSs are not designed to integrate the nowcasting information
about railway infrastructure assets into the scheduling and dispatching processes, the
purpose of this project is to pave the way towards the next generation of railway
information systems. Analogously, the maintenance decision support systems of the future
would greatly benefit from accurate estimations and predictions of current and future asset
statuses. Moreover, the benefits to dispatching and maintenance operation could be
doubled if it were possible to schedule maintenance interventions in a better way: for
example, knowing in advance the precise amount of time required to complete a
maintenance/repair action would give the opportunity to reserve the correct possession
time slots for maintenance/repair activities.

Figure 6.1: Link between WP8 and WP9
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Finally, Figure 6.1 shows the link between WP8 and WP9 of the In2Rail project and how the
TMS could benefit from the information provided by Nowcasting methodologies related to
the functional status of the railway assets. It is worth noting that generally the outputs of
data-driven models for nowcasting and forecasting will not be readily usable by the TMSs,
instead they might be used for deriving restriction and other safety-related constraints for
traffic. However, the development of such traffic rules is out of the scope of the In2Rail WP9.
Moreover, it is important to highlight that the partners involved in the scenarios tried to give
hints on how the outputs of data-driven models could be used for TMS/maintenance, but
their real exploitation and the related mechanisms are out of the scope of this work. This
work might be carried out later in the project by collaborating with experts of both the fields
belonging to the In2Rail project.
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6.2 Scenario by RFI
Title

Data-driven Train Delay Prediction based on heterogeneous data
coming both from railways and external sources

Organisations
Involved

 Rete Ferroviaria Italiana (RFI)
 University of Genoa (UNIGE)
The main objective of this scenario is to nowcast and forecast train
delays, based on historical information related to train movements,
on the historical planned timetable, and on historical weather
conditions data.

Objective(s) of the
scenario

Relationship with
TMS and/or
maintenance

Description of the
scenario

GA 635900

“Train movements” are records of timestamps of arrivals
(departures) of trains at (from) a particular “checkpoint”, which
represents any location where the position of a train associated with
a timestamp is recorded. The “planned timetable”, instead, can be
seen as a table including timestamps of scheduled arrivals
(departures) for each train and for each checkpoint included the
journeys of the trains. Finally, “weather conditions” data includes
several atmospheric variables such as temperature, humidity, wind
speed and direction, and the like.
In particular, the scenario develops around the possibility of
integrating into predictive models for train delays some exogenous
information with respect to the railway world (i.e. weather
conditions). The scenario aims at designing, implementing and
testing in laboratory (and validating at a future stage) a set of datadriven predictive models for nowcasting and forecasting purposes
based on data related to the Italian railway network provided by RFI.
By providing accurate train delay predictions to TMSs, it is
theoretically possible to improve traffic management and
dispatching in terms of:
 Passenger information systems, increasing the perception of the
reliability of train passenger services and, in case of service
disruptions, providing valid alternatives to passengers looking for
the best train connections.
 Freight tracking systems, estimating goods’ time to arrival
correctly so to improve customers’ decision-making processes.
 Timetable planning, providing the possibility of updating the train
trip scheduling to cope with recurrent delays.
 Delay management (rescheduling), allowing traffic managers to
reroute trains so to utilize the railway network in a better way.
This scenario (described in details in Section 11.1, page 153) aims at
developing Nowcasting and Forecasting models able to estimate the
current delay of a train and to predict it at future times. In other
words, the main goal is to predict the series of delays that will affect
a specific train in all the subsequent “checkpoints” included in its
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journey, with the highest possible accuracy and, when possible, with
an estimate of the forecasting accuracy itself.
A large literature covering this problem [259] [260] already exists,
considering the railway network parameters and the information
that can be retrieved from the classical railway information systems
as the only data sources (e.g. the TMS for records about train
movements). However, many other exogenous factors affect railway
operations, such as passenger flows, strikes, celebrations and similar
public events. For this reason, this scenario concentrates on
nowcasting and forecasting train delays by means of a set of datadriven models integrating data about past train movements and
weather conditions.
In particular, by combining train movements data and weather data
into a single historical database, machine learning algorithms will
analyse the data so to build data-driven models that are able to
respond to new, previously unseen input data to predict train
delays.
Railway Data
From every TMS, it is possible to retrieve data about train
movements, with time and position references (e.g. timestamps at
station arrivals and station unique IDs), and theoretical timetables,
including planning of exceptional train movements, cancellations,
etc.
UNIGE received from RFI data related to two of the main areas of
the Italian railway network about 2015, spanning over one year for
the first area and 6 months for the second one. Note that the
information has been anonymized for privacy and other concerns.
Weather Conditions Data
The information about weather conditions have been retrieved from
weather stations in the area of interest. The association between
train movements data and weather data has been performed by
looking for the closest weather station to the railway
station/line/checkpoints.
The values included in the data are related to atmospheric pressure,
solar radiation, temperature, humidity, wind direction and speed,
and rainfall.
Note that UNIGE downloaded weather data related to the same
areas and to the same time intervals for which we have train
movements data provided by RFI.
Table 6.1: Tabular Description for Scenario by RFI

Figure 6.2 shows a pictorial view of the scenario, focusing on expressing the idea that the
main goal is to predict the series of delays that will affect a specific train in all the
subsequent “checkpoints” included in its journey.
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Figure 6.2: Pictorial representation of RFI scenario
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6.3 Scenario by UPORTO/EVOLEO/IP
Title

Study lateral and vertical wheel-rail contact forces of running trains
for nowcasting and forecasting the risk of derailment

Organisations
Involved







Objective(s) of the
scenario

Relationship with
TMS and/or
maintenance
GA 635900

Infraestruturas de Portugal (IP)
University of Porto (UPORTO)
Evoleo Technologies (EVOLEO)
Virtual Vehicle (ViF)
University of Genoa (UNIGE)

This proposed NC/FC scenario develops around two objectives:
 Development of a methodology able to provide an indication of
the risk of derailment of a running train by exploiting data-driven
methodologies, based on information about the train, the track
conditions and the weather.
 Assessment of the possibility to substitute physical white-box
models of contact forces between the wheels of a running train
and the rails with data-driven ones.
In particular, this scenario focuses on developing a data-driven
system able to estimate the lateral (Y) and vertical (Q) wheel-rail
contact forces, as well as their ratio (Y/Q), which represent the most
relevant parameters specified in the European Standard CSN EN
14363 (2016) [266] as indicators of running safety for the
assessment of the derailment risk.
Moreover, this scenario aims at studying and evaluating the
possibility of NC/FC the risk of derailment based on fast calculation
data-driven methodologies with sufficient prediction quality. Indeed,
several physical white-box models [268] [269], able to estimate
accurately Y and Q wheel-rail contact forces and validated on real
data, are reported in literature. However, using these white-box
models to simulate the behaviour of a running train usually requires
high computational resources and large amounts of time, which
make them unsuitable for time-critical applications (e.g. for
nowcasting purposes). For this reason, this scenario aims at
substituting white-box models with data-driven ones, which instead
are capable of shrinking into a powerful and lightning-fast model the
information content hidden in data. Indeed, although data-driven
models require large computational resources and time in order to
be built, their usage is straightforward as the production of the
output is a matter of simple calculations. A further advantage is that
the final user of data-driven models (e.g. TMS) does not need the
“train model” (Finite Elements or Multi Body System) and the
corresponding simulation software.
Data-driven models could be used to provide useful information for
supporting the decision process of TMS/maintenance actions, such
as setting speed reductions, closing down a particular line or
performing track geometry corrections, so to prevent derailments.
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More specifically, NC could provide to TMS the current risk of
derailment for a specific vehicle for different vehicle speeds and for
different wind speeds and directions, therefore expressing the risk
of derailment as a function of the different inputs. Long-term FC,
instead, could provide to maintenance the remaining time until a
limit of risk of derailment is exceeded.
Since the physical modelling approach has some major drawbacks
that have to be carefully considered (difficult construction,
calibration and validation, and unsuitability for time-critical
applications), data-driven models represent an appealing alternative
because they can automatically infer the relationship between some
real input data, which is representative of a certain system
behaviour or phenomena, to some real output data, which is usually
difficult to measure or that has to be predicted at future instants.
Additionally, data-driven models are capable of shrinking the
information content hidden in data into a powerful and lightningfast model that can respond in near real-time to previously unseen
inputs.
In order to build data-driven models for the estimation and
prediction of the lateral and vertical wheel-rail contact forces and
their ratio Y/Q, it is necessary to collect data related to the main
factors affecting the run of a train, namely the vehicle type (e.g.
passenger trains, freight trains, etc.), the vehicle conditions (e.g.
unbalanced loading, defected wheels, etc.), the track assets
conditions
(e.g.
bridges,
tunnels,
etc.)
and
the
operating/environmental conditions (e.g. running speed, wind, etc.).
In the context of this scenario, a simplified approach is proposed, so
to limit the complexity of the scenario, and because of the problem
of the availability of data. The proposed approach considers a single
type of train (i.e. the Alfa Pendular train), a particular line in Portugal
(i.e. the Portuguese Railway Line between Porto and Lisbon, for
which real track condition data is available), and the presence of
wind as a single (but most representative for a train run) weather
variable. Moreover, since real measurements of Y and Q forces are
not available, the creation of the NC/FC models will be based on
synthetic data of wheel-rail contact forces generated through the
validated physical Finite Elements model of the Alfa Pendular train.
This approach, if performed correctly, can be equally considered
valid and meaningful. Furthermore, as soon as real data related to
wheel-rail contact forces will be available, the application of this
approach will be straightforward.
The fundamental steps for the completion of this scenario are listed
here below:
1. Collecting/designing input data;
2. Performing simulations with physical Finite Elements model of
the Alfa Pendular train with input data of step (1), so to generate
output data, namely Y and Q wheel-rail contact forces values;
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3. Building the data-driven model through state-of-the-art machine
learning algorithms that can infer the relationship between the
same input data of step (1), and lateral and vertical forces
generated at step (2) through simulations.
Once the data-driven models will be available, they could be used to
provide useful information for supporting the decision process of
TMS/maintenance actions.
Track data
The track data for the use in the NC scenario will be provided by IP,
and consist of measured track irregularities and layout parameters
(e.g. longitudinal level, alignment, curvature, etc.).
Vehicle data
The vehicle data that comprise the vehicle information (e.g. dynamic
characteristics for the FE model) and the operational information
(e.g. vehicle running speed, loading, tonnage) will be provided by IP
and UPORTO. In particular, the vehicle model to be used in the
NC/FC analysis will be the Alfa Pendular train, which is a passenger
train whose dynamic characteristics have been calibrated by
UPORTO in the last years [269].
Environmental (Wind) data
Since this scenario will be based on simulations of runs of a train
under different wind conditions, at the first stage this kind of data
will be simulated in order to apply in an easier way different wind
conditions to the simulated running trains.

Table 6.2: Tabular Description for Scenario by UPORTO/EVOLEO/IP

Figure 6.3: Wheel-rail lateral and vertical contact forces
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6.4 Scenario by TRV/LTU
Title

To nowcast and forecast the probability of failure of Switches and
Crossings (S&C) for replanning for routing the trains in the railway
network.

Organisations
Involved

 Trafikverket (TRV)
 Luleå University of Technology (LTU)

Objective(s) of the
scenario

The objectives of the scenario are to identify the condition, reduce
the probability of risk and estimate time to restoration.

Relationship with
TMS and/or
maintenance

Description of the
scenario

Data exploited for
the scenario

The asset nowcasting and forecasting of S&Cs will facilitate TMS for
reducing maintenance demand due to increase in traffic density and
usage of infrastructure in future and providing statistics for effective
traffic management. The TMS user also adjusts the production plan
to take the uncertainty of the restoration time into account.
In this scenario, the nowcasting of S&Cs can be estimated by using
the state-of-the-art modelling of Non-Homogeneous Poisson Process
and forecasting can be estimated by novel hybrid modelling. The
inputs for both the modelling techniques are taken from available
data sources, mainly, state of the railway network, asset utilization
& maintenance and weather conditions. The specific inputs being;
asset registry, failure and inspections, track geometry, loading
conditions and weather. The outputs for both nowcasting and
forecasting are probability of failure and time to restoration.
The following are the available data sources required to perform the
scenario; BIS (Asset register), 0Felia (Failures), Bessy (Inspections),
Optram (Track geometry), STEG (Train and load), DS-Analys
(Interlocking) and SMHI (Weather). For forecasting, the standard
deviation of short-range longitudinal level of both tracks from the
Optram is considered.
Table 6.3 - Tabular Description for Scenario by TRV/LTU

Figure 6.4: TRV/LTU Nowcasting and Forecasting Scenario

“Travel times” of Figure 6.4 represents the travel time for the train from the point T0 to T1.
The nowcasting of S&C needs to be predicted before the travel time of the train to the
defined route.
GA 635900
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Figure 6.5: Different panels in Switches and Crossings

GA 635900

Page 44 of 232

In2Rail

Deliverable D9.3
Nowcasting methodologies

6.5 Scenario by SR/DLR
Title

Determining switch status by mining monitoring data

Organisations
Involved

 Deutsches Zentrum für Luft- und Raumfahrt DLR e.V. / German
Aerospace Center (DLR)
 Strukton Rail Netherlands (SR)

Objective(s) of the
scenario

Relationship with
TMS and/or
maintenance

Description of the
scenario

GA 635900

The main objective of the scenario is to be able to detect anomalies
related to switch condition by performing data exploration on the
measurements of the power consumed by switch movements. Data
analysis will aim at gaining more knowledge and insight in the power
consumption and switch behavior in relation to different possible
failure modes. The basic information used for this task is the
measured current of the switch engine needed for moving the
switch blades from one position to the other (end-)position,
although some additional available data (such as reported incidents,
observed defects, repair times) will be exploited.
The result will be the knowledge of suitable characteristics and
features of the current graph from the historical data to focus on
nowcasting. With this information, the interpretation of the data is
improved, further assessed, and will support the further
development of a model for determining the switches status as an
input for the TMS.
Within the rail infrastructure network, switches are considered as
critical elements, since in case of failure they represent one of the
main reasons for line unavailability resulting in increased fuel costs,
crew expenses, maintenance and repair costs, and generally in a
negative impact on reputation and revenues.
In order to shorten repair times and to decrease failures further, the
knowledge of current switch status (nowcasting), the cause of an
actual malfunction and possible uprising changes of the switch
status (forecasting) is crucial. Therefore, this scenario focuses on the
design and development of nowcasting and forecasting
methodologies for switches. The extracted switch status can be used
to optimize maintenance planning and to perform better
maintenance.
The nowcasting and forecasting models will exploit mainly
monitoring data in order to gain knowledge to improve the switches
availability. One monitoring device for switches is e.g. POSS
(Preventive Maintenance and Fault Diagnosis System) by Strukton,
which records the measurement of the power consumption of the
switch engine for each switch movement. Other useful data will
include maintenance data, failures data and possibly asset usage
data (e.g., number of movements, number of trains passed over the
switch, etc.).
Nowcasting will be performed by analyzing data in order to improve
the general understanding of the relationships between power
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consumption and asset degradation, and to detect the different
failure modes from current measurements.
Forecasting will try to push further this analysis by exploiting the
extracted knowledge in order to provide a probability of future
failure for each asset.
Switch Monitoring data
The POSS® system can be used to monitor rail assets such as
switches, train detection systems, level crossings, etc. The
monitoring data are presented in a universal format and can be
reviewed via the Internet. This data is stored in a POSS database,
which includes data from many (thousands) switches related to
many years.
For this scenario, the data used is collected from a period of 3 years
from 19 switches with a single electrical engine. These switches are
of type NSE (a DC powered electrical engine).
Recorded Incidents
Historical datasets regarding the recorded failures on the same
switches/points in same timeframe as the monitoring data. This data
is provided by Strukton Rail.
Maintenance actions data
Historical datasets regarding the maintenance activities executed in
the same timeframe on the same switches provided by Strukton
Rail. This data is collected by Strukton Rail but commissioned by
ProRail (Dutch rail infrastructure manager). Data is originally stored
in a Maintenance Management System.
Usage/Load data
An additional dataset, the Load data is generated and provided by
ProRail, the Asset Manager. This data is mainly related to the usage
conditions of the assets, and includes information about the number
of trains that passed over the switch, their weight, etc.
Table 6.4: Tabular Description for Scenario by SR/DLR

Figure 6.6: Pictorial view of SR/DLR scenario

GA 635900

Page 46 of 232

In2Rail

Deliverable D9.3
Nowcasting methodologies

6.6 Scenario by SR/UNIGE
For the sake of simplicity, this proposed scenario has been divided into two different parts,
of which the first one is described in Table 6.5, and the second one is described in Table 6.6.

Title

Prediction of time to restoration for different assets and different
failures/malfunctions based on maintenance/repair reports

Organisations
Involved

 Strukton Rail Netherlands (SR)

Objective(s) of
the scenario

Relationship with
TMS and/or
maintenance

 University of Genoa (UNIGE)
An analysis will be carried out about the “time to restoration” (or
“repair time”) needed to restore the asset to a proper functional
state after a specific failure/malfunction occurred. The analysis will
try to develop a forecasting methodology able to estimate in
advance the precise repair time once a problem on an infrastructure
asset arises.
Therefore, this scenario aims at designing, implementing, testing
and, at a future stage, validating a set of predictive models for
forecasting purposes, based on data provided by SR about
maintenance/repair actions and weather data.
Since in this case the output of data-driven models is the time
required to complete a repair action, it could be used by the
maintenance department in order to schedule proper maintenance
actions.
As a positive by-product, the maintenance department could
communicate better estimations of the time to restoration to the
TMS, which could exploit this information for planning and
managing line possessions in an informed way.

Every time an infrastructure asset is affected by a
failure/malfunction, it is clear that this will affect not only the single
asset functional behaviour, but also the normal execution of railway
operations. For this reason, the objective of the third analysis is to
estimate the time to restoration for future (planned) and urgent
maintenance actions by looking at the past maintenance reports,
correlated to the different assets and different types of
Description of the malfunctions. The predictive models that will be designed will be
scenario
able to exploit the knowledge enclosed into maintenance reports so
to predict the time needed to complete a maintenance action over
an asset in order to restore its functional status. Moreover, historical
weather conditions data will be included in the analysis in order to
take into account of the atmospheric factors affecting railway
maintenance/repair operations (e.g. fog reducing visibility).
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Weather condition: data retrieved from the Royal Netherlands
Meteorological Institute (KNMI)
Maintenance/repair actions: historical datasets regarding the
maintenance/repair activities (including their duration) will be
provided by Strukton Rail. This data is collected by Strukton Rail but
commissioned by ProRail (Dutch rail infrastructure manager). Data is
originally stored in a Maintenance Management System. This
information could be provided by Asset Manager, ProRail.
Failures/Malfunctions: historical datasets regarding the recorded
failures/malfunctions will be provided by Strukton Rail.
Table 6.5: Tabular Description for Scenario by SR/UNIGE (1)

Figure 6.7: Pictorial representation of scenario by SR/UNIGE (1)
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Data mining correlation and influence of maintenance/repair
actions and weather conditions on railway assets
 Strukton Rail Netherlands (SR)
 University of Genoa (UNIGE)
The main objective of this scenario is to forecast possible failures of
assets based on the correlation of past asset failures and past
weather conditions or maintenance actions, in particular considering
a set of different infrastructure assets selected as the most relevant
ones from the TMS perspective (see Deliverable 9.1 of the In2Rail
project).
Therefore, this scenario aims at designing, implementing, testing
and, at a future stage, validating a set of predictive models for
forecasting purposes, based on data provided by SR about
maintenance/repair actions, weather and failures/malfunctions.
The problems that will be investigated (and for which one or more
forecasting models will be developed) are:
1. Correlation and influence of executed maintenance/repair
actions on failures/malfunctions.
2. Correlation and influence of the weather conditions on
failures/malfunctions.
The information outputted by the models can be very useful for a
TMS because it could be used by the TMS to reroute trains through
safer paths, minimizing the risks of any problem.
Moreover, the same output could be used by the maintenance
department in order to schedule proper maintenance actions that
could prevent additional or worst problems.
Every time an infrastructure asset is affected by a
failure/malfunction, it is clear that this will affect not only the single
asset functional behaviour, but also the normal execution of railway
operations. The functional behaviour of railway infrastructure assets
degrades for many different reasons: age, extreme weather
conditions, heavy loads, and the like. Additionally, problems can be
introduced unknowingly by performing maintenance actions, for
example by a simple human error or as a reaction of the system to
changes made on an object.
For these reasons, this scenario aims at investigating two among all
the factors that might affect the degradation of assets, i.e.
maintenance/repair actions and weather conditions, and at
designing and developing new forecasting methodologies by
exploiting data-driven predictive techniques.
A set of predictive models able to forecast the probability of failures
for a particular asset will be developed based on the data provided
by SR about historical weather conditions, performed
maintenance/repair actions and failures/malfunctions.
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Weather condition: data retrieved from the Royal Netherlands
Meteorological Institute (KNMI)
Maintenance/repair actions: historical datasets regarding the
maintenance/repair activities (including their duration) will be
provided by Strukton Rail. This data is collected by Strukton Rail but
commissioned by ProRail (Dutch rail infrastructure manager). Data is
originally stored in a Maintenance Management System. This
information could be provided by Asset Manager, ProRail.
Failures/Malfunctions: historical datasets regarding the recorded
failures/malfunctions will be provided by Strukton Rail.
Table 6.6: Tabular Description for Scenario by SR/UNIGE (2)

Figure 6.8: Pictorial representation of scenario by SR/UNIGE (2)
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6.7 Scenario by NR
Title

Study official delay attributions based on train movements data

Organisations
Involved

 Network Rail Limited (NR)
 University of Genoa (UNIGE)

Objective(s) of the
scenario

Relationship with
TMS and/or
maintenance

Description of the
scenario

GA 635900

The attribution of delay responsibilities is a long process that is
performed by a team of experts (also called the Delay Attribution
Board – DAB) that operates after retrieving all the information
needed to perform an informed decision. The objective of this
scenario is to nowcast and forecast “Delay Attributions” (i.e. the
results of the aforementioned long process) by looking at the
current state of train delays all over the railway network, so to
understand the causes of a set of delays in advance with respect to
the official attribution.
The main idea behind this scenario is that it should be possible to
exploit the historical datasets of past train movements and of past
delay attribution so to extract delay patterns from the former and to
correlate them with the official delay attributions from the latter.
Based on the correlations reconstructed, a data-driven model could
be built able to correlate past delay patterns to the current one so to
nowcast the actual cause of the current delays before the official
attribution process even starts. Forecasting is expected to be able to
recognize the cause of delays before a specific delay pattern occurs
by reconstructing the evolution of the state of the network.
The information about delay attributions, and consequently about
delay causes, could be used by the TMS in order to optimize
replanning of train movements over the railway network.
For this particular scenario, nowcasting and forecasting can be
reformulated (without being against the formal definition given) as:
Nowcasting: studying delay attributions based on the past/present
train movements, prior to the delay attribution process that occurs
later in time.
Forecasting: studying delay attributions based on the past/present
train movements, so to avoid possible issues before they happen.
Indeed, the results of nowcasting and forecasting models can be
extremely useful since the attribution of delays is performed by a
team of experts called the Delay Attribution Board (DAB), which
operates after retrieving all the information needed to perform an
informed decision. Unfortunately, this results in a large lag with
respect to the moment in which the incident actually happened.
Saying that, it is clear that the final decision must be taken by
humans and not by an algorithm. However, this scenario intends to
assess the possibility to provide a decision support tool that could
reduce the time needed to get to the final decision.
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In order to increase the possibilities of success for this scenario, it
has been agreed to limit the size of the considered railway network,
and to proof the methodology on a subset of the incident reasons
included in the delay attribution reports. In particular, the scenario
focuses on the incident reasons that represent the most important
ones from an Infrastructure Manager perspective, which are the
ones belonging to the Infrastructure (“I”) or Operations (“O”)
categories.
Train Movements: dataset containing all the movements performed
by trains in the railway network under examination, extracted from
TMS. For this dataset, four months of records (from January 2015 to
May 2015) related to all the scheduled and actual train movements
on the LNE route are available.
Delay Incidents (Historic Delay Attribution): dataset containing
records of all the trains affected by a delay, together with the reason
why the delay happened. Moreover, the records include a lot of
other information related to the type of delay, e.g. information
about secondary (reactionary) delays, delay responsibilities, etc. For
this dataset, more than one year of data related to the same period
of time of the train movements data are available. Moreover, the
dataset includes information from the entire English railway
network.
Table 6.7: Tabular Description for Scenario by NR

Figure 6.9 shows a pictorial view of the scenario.

Figure 6.9: Pictorial representation of scenario by NR
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6.8 Scenario by SIE
Title

Nowcasting of train characteristics required for runtime calculation

Organisations
Involved

 Siemens AG (SIE)

Objective(s) of
the scenario

Relationship
with TMS
and/or
maintenance

Description of
the scenario

GA 635900

The main topic included in this scenario is the “nowcasting of train
characteristics required for runtime calculation”.
The runtime calculation is a function inside of Traffic management
system used for calculation of estimated arrival times, of estimated
blocking times of track sections, and of simulation results provided by
decision support systems. In order to calculate running times through
tractive
forces,
resistance
forces
and
the
resulting
acceleration/deceleration rates, many parameters have to be estimated
using physical measures depending on the train characteristics,
environmental factors, etc. Since the estimation of these parameters is
quite rough, the goal of this scenario is to estimate parameters of the
currently moving train by observing its behaviour. As initial values for
the estimation train parameters from the planning phase can be used, if
the assignment of the rolling stocks to the trains is known.
The relationship between estimated train parameters, calculated
runtimes and their exploitation by the TMS could help in:
 Estimating the arrival times of trains;
 Estimating section blocking times;
 Enhancing traffic simulations for decision support.
The runtime calculation is a function inside of Traffic management
system used for calculation of forecasts (e.g. estimated arrival times,
estimated blocking times of track sections) and for supporting decisionmaking through simulations of different scenarios (e.g. different start of
possession, train sequences, train routes, partial cancellations, etc.).
One of the approaches to calculate running times considers calculating
tractive
and
resistance
forces
and
the
resulting
acceleration/deceleration rates. The tractive and resistance forces are
typically modelled as a list of polynomials of second order in speed,
whose parameters are estimated using physical measures for a limited
amount of trains and depend on:
 State of the rolling stock;
 Temperature;
 Humidity/wet on tracks;
 Current load of the train.
The estimation of these parameters is quite rough, especially
considering specific train during current weather conditions. For these
reasons, the goal of this scenario is to estimate parameters of the
currently moving train by observing its behaviour. As initial values for
the estimation train parameters from the planning phase can be used, if
the assignment of the rolling stocks to the trains is known.
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The input data required to complete this scenario are:
 Train position reports, including speed at high rate (like ETCS every 7
seconds);
Data exploited  Topology model, including gradients/tunnels and other resistances;
 Current speed restrictions (needed for the drive mode estimator),
for the scenario
required if power consumption is not observable;
 Planned information about the train (mass, length, number and type
of locomotives, type of wagons, type of braking, max speed);
 Observed power consumption (if possible).
Table 6.8: Tabular Description for Scenario by SIE

Figure 6.10: Pictorial representation of scenario by SIE

GA 635900

Page 54 of 232

In2Rail

Deliverable D9.3
Nowcasting methodologies

7 Proposed Nowcasting Solutions
Firstly, it is worth recalling the general idea guiding data-driven methodologies, which
relates to using historical data (in this specific case, data about train movements) to see
what happened in the past and extract knowledge in order to predict what will happen in
the future. Given an historical database, data is analysed by data mining algorithms in order
to build data-driven models (usually black-box) that are able to respond to new, previously
unseen input data. These data-driven models can be effectively used to perform predictions
of the future by exploiting the extracted knowledge of the modelled phenomena in
combination with the data describing the current situation.
The next sections describe the work done in order to solve the problem depicted by the
scenarios included in Chapter 6. Please note that not all the scenarios that are presented in
Chapter 6 are covered in this chapter since some of them could not be completed for various
reasons (e.g. the lack of availability of data). Moreover, since the scenario proposed by
SR/UNIGE is mainly related to forecasting activities, the preliminary results will be included
in “Deliverable 9.4 – Asset status forecasting and feature selection methodologies”.
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7.1 Scenario by RFI
This section reports how the scenario proposed by RFI (described in Section 6.2 and detailed
in Appendix B – Section 11.1) has been tackled in the context of In2Rail WP9. Section 7.1.1
gives a set of definitions that are useful for creating a common language for the
interpretation of this section, and then analyses the train delay prediction problem showing
that it can mapped into a regression problem. Section 7.1.2 illustrates the proposed
modelling solution and the machine learning algorithms that have been exploited to build
data-driven models. Finally, Section 7.1.3 shows the simulations methodology, the novel Key
Performance Indicators (KPIs) developed especially for this scenario, and the preliminary
results that have been achieved with real data.
7.1.1 Problem Formalization
Firstly, it is important to give some definitions in order to create a common knowledge for
understanding this section. A railway network can be considered as a graph, and any train
that runs over the network follows an itinerary characterized by a station of origin, a station
of destination, some stops and some transits (see Figure 7.1). For any checkpoint , the train
should arrive at time and should depart at time , defined in the timetable. Usually time
references included in the nominal timetable are approximated with a precision of 30
seconds. The actual arrival and departure time of the train are defined as and . The
difference between the time references included in the nominal timetable and the actual
time – either of arrival (

) or of departure (

) – is defined as delay.

Figure 7.1: An itinerary of a train on the railway network

If the delay is greater than 30 seconds or 1 minute, then a train is considered as a delayed
train. Note that for the origin station there is no arrival time, while for the destination
station there is no departure time. A dwell time is defined as the difference between the
departure time and the arrival time for a fixed checkpoint
, while a running time is
GA 635900
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defined as the amount of time needed to depart from the first of two subsequent
checkpoints and to arrive to the second one

.

Originally, the train delay prediction problem represents a time series forecast problem,
since, for each train, the delays form a sequence of values indexed in time order. Therefore,
as discussed in the previous chapter, the train delay prediction problem can be mapped to a
multivariate regression problem. In particular, focusing on the prediction of the train delay
profile of a single train, the problem includes a variable of interest (i.e. the train delay profile
of a train along its itinerary) and other possible correlated variables (e.g. information about
other trains travelling on the network, day of the week, weather conditions, etc.). The goal is
to find a solution able to model the link between the variable of interest, its past values (i.e.
its history), and the other correlated variables. In other words, the resulting model(s) should
predict (with the highest possible accuracy) the delay that will affect a specific train for each
subsequent checkpoint (included in its trip) with respect to the last one through which the
train has transited. Given the previous observations, it is easy to map the train delay
prediction problem into a classical multivariate regression problem [315] [316] [317] [318].
Due to the dynamic nature of the problem, the regression problem is also time-varying,
consequently only the most recent part of the historical data have to be used, which
represent the distribution under examination.
7.1.2 Proposed Solution
Given the multivariate regression problem described in the previous section, the proposed
modelling approach is based on a set of data-driven models that, working together, make it
possible to perform a regression analysis on the past delay profiles and consequently to
predict the future ones. In particular, for each train and for each checkpoint composing its
trip, a set of data-driven multivariate regression models is built connecting one checkpoint
to its successive ones.

Figure 7.2: Proposed Data-driven Modelling Approach

An example is shown in Figure 7.2, where a train has just started its trip from its origin
station A and the prediction system has to provide predictions of arrivals at (departures
GA 635900
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from) the checkpoints B, C, …, G composing the train trip. In this picture, each arrow
represents a data-driven model that outputs a delay prediction for the arrival at (departure
from) the pointed checkpoint. As soon as the train arrives at checkpoint B, this approach
exploits a different set of data-driven models for providing predictions of arrivals at
(departures from) the checkpoints C, D, …, G.
To sum up, for each train characterized by a specific itinerary of checkpoints, models
have to be built for the first checkpoint,
for the next one, and so on. Consequently,
the total number of models to be built for each train can be calculated as:

These models work together to make it possible to estimate the delays of a particular train
during its entire journey.
For a single train arriving at (departing from) a specific checkpoint included in its trip, the
data-driven multivariate regression models take as inputs:


The current day of the week (Monday, Tuesday, ...);



A Boolean value indicating whether the current day is an holiday or a working day;



The sequence of arrival (departure) delays affecting that specific train in the current
day at its passage/stop in the previous checkpoints (i.e. from origin to the last visited
checkpoint);



The collection of train delays affecting other trains travelling on the railway network
in the current day;



The sequence of running times and dwell times for both the considered train and the
others travelling on the railway network in the current day.

Moreover, the models give as outputs:


the sequence of arrival (departure) delays that will affect the considered train for
each subsequent checkpoint with respect to the last one in which the train has
transited.

Figure 7.3 illustrates the mapping of the train delay prediction problem into a multivariate
regression problem. For instance, in this representation the variable of interest is
represented by the delay profile of a train . The other correlated variables are represented
by dwell times and running times for train , by weather condition data (historical, current
and forecasted), and by the information regarding all the other trains traveling along the
network simultaneously to train . An example of the inputs taken into account by the set
of models used when train is already passed or departed from checkpoint B is highlighted
in red. Analogously, all the aforementioned elements of the regression problem are depicted
in the figure under examination.
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Figure 7.3: Mapping of the Train Delay prediction problem into a multivariate regression one

In order to solve the multivariate regression problem, three different machine learning
algorithms have been exploited to analyse data and consequently to build data-driven
models: Kernel Regularized Least Squares (KRLS), Extreme Learning Machines (ELM), and
Random Forests (RF).
KRLS [319] [320] [321] is a state-of-the-art machine learning algorithm that belongs to the
family of kernel methods (which are briefly introduced in Section 5.2.1.1). It is based on the
concepts of Structural Risk Minimization, Mean Square Error and on the already mentioned
kernel trick. The Gaussian kernel is used, since it enables learning every possible function
[322] [323].
ELM [324] [325] [326] [327] are a particular type of Artificial Neural Network models. Figure
7.4 shows a graphical representation of the ELM neural network structure. They were
originally developed for the single-hidden-layer feedforward neural networks, i.e. a neural
network including an input layer composed of neurons, connected to the hidden layer
(composed of neurons) through a set of weights and a nonlinear activation function.
The key feature of ELM is that weights are chosen randomly, and that the neural network
is trained by exploiting a simple, efficient procedure that involves few simple steps and that
allows determining the set of weights connecting hidden neurons to the output one.
Despite the apparent simplicity of the ELM approach, they represent a crucial milestone
because they demonstrate that even random weights in the hidden layer endow a network
with notable representation ability. The ELM approach was introduced to overcome
problems posed by back-propagation training algorithm: potentially slow convergence rates,

GA 635900

Page 59 of 232

In2Rail

Deliverable D9.3
Nowcasting methodologies

critical tuning of optimization parameters, and presence of local minima that call for multistart and re-training strategies.

Figure 7.4: ELM structure

The last algorithm is RF, which is a machine learning algorithm especially known to be one of
the most effective tools for classification purposes, but it can be adapted to solve regression
problems. It creates a data-driven model which results from a combination of decision trees,
therefore it belongs to the class of Ensemble methods (see Section 5.2.1.1). Moreover, RF
combine bagging to random subset feature selection. RF was proposed by Breiman [331] in
order to answer to the problem of optimising the generalisation performance of the final
ensemble models.
7.1.3 Preliminary Results
This section describes the laboratory tests and simulations performed in order to retrieve
the preliminary results on the data-driven modelling of the train delay prediction problem.
First the simulation methodology and setup are described, as well as the novel KPIs
developed for this scenario, then the preliminary results are reported.
7.1.3.1 Simulations Methodology and KPIs
The general idea behind simulations for assessing the performance of data-driven models
follows the one at the basis of the model selection procedures (described in Section 5.3). In
short, part of the available data is used to build models, while the rest is exploited for
performance evaluation. The former set of data is called “training set”, while the latter is
called “test set”. It is important to underline that this section presents the simulation
methodology exploited for this scenario (i.e. specifically tailored to the case of train delay
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prediction) in a general way, so that the principles could be directly followed in a large scale
test environment.
In this scenario, real data about train movements is exploited, which is provided by the
Italian infrastructure manager RFI. The data refers to 6 months of train movements in the
area of Milan, and 1 year in the area of Genoa, and is formatted as described in the related
sections of this document (11.1.4 and 11.1.5).
The simulation procedure, performed for each of the selected algorithms, includes several
steps which are repeated for each day of data included in the test set. An online-approach is
adopted which updates predictive models every day in order to take advantage of new
information as soon as it becomes available. The list of simulation steps is reported below:


build the needed set of models for each train in the dataset based on current training
set;



tune the models’ hyperparameters through Cross Validation (model selection phase);



consider the next test day;



consider each train and the corresponding trip made of several checkpoints;



for each train and for each checkpoint, predict the delay of the train at each of its
subsequent checkpoint;



validate the models in terms of performance based on what had really happened at a
future instant;



take out the data related to the current day from the test set, and add them to the
training set;



repeat the procedure until the test set is empty.

The results of the simulations have been compared with the results of the current train delay
prediction system used by RFI. The RFI system is quite similar to the one described in [332],
although the latter includes process mining refinements which potentially increase its
performance. The current technique used by RFI for train delay prediction is based on line
characteristics, trains characteristics and simple statistics, aiming at computing the amount
of time needed to complete a particular section of its trip and exploiting it for predictions.
In order to fairly assess the performance of the proposed prediction system, a set of novel
KPIs agreed with RFI has been designed and used. Since the purpose of this project was to
build predictive models able to forecast the train delay, these KPIs represent different
indicators of the quality of these predictive models. The predictive models should, for each
train and at each checkpoint of its itinerary, be able to predict the delay that the train will
have in any of the successive checkpoints.

Based on this consideration, three different indicators of the quality of predictive models
have been used, which are also illustrated in Figure 7.5:
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Average Accuracy at the i-th following Checkpoint for train j (AAiCj): for a particular
train j, the absolute value of the difference between the predicted delay and its
actual delay is averaged, at the i-th following Checkpoint with respect to the actual
Checkpoint;



AAiC: is the average over the different trains j of AAiCj;



Average Accuracy at Checkpoint-i for train j (AACij): for a particular train j, the
average of the absolute value of the difference between the predicted delay and its
actual delay, at the i-th checkpoint, is computed;



AACi: is the average over the different trains j of AACij;



Total Average Accuracy for train j (TAAj): is the average over the different
checkpoints i-th of AASij (or equivalently the average over the index i of AAiSj);



TAA: is the average over the different trains j of TAAj.

Figure 7.5: Novel KPIs agreed with RFI

The next section shows the preliminary results achieved.
7.1.3.2 Description of Preliminary Results
In summary, the proposed solution improves the state of the art methodologies which rely
on static rules built by experts of the railway infrastructure and are based on classical
univariate statistic. Results on real world train movements data and weather data show that
advanced analytics approaches can perform up to twice as well as current state-of-the-art
methodologies. In particular, exploiting only historical data about train movement gives
robust models with high performance with respect to the actual train delay prediction
system of RFI. These models can be further improved by taking into account weather
information. Different state of the art analytics tools have been compared, and Random
Forest consistently performed better with respect to the other methodologies exploited.
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The experiments have been run in two different scenarios:


NoWI: in this case, only the historical data about train movements provided by RFI
have been exploited;



WI: both historical data about train movements and data retrieved from the national
weather service have been exploited.

The performance of different methods has been compared:


RFI: the RFI system has been implemented, which is quite similar to the one
described in [332]. Note that the RFI method do not exploit weather information;



RF: the Random Forests algorithm has been exploited;



KM: the Kerneled version of RLS (i.e. KRLS) with the Gaussian kernel has been
exploited;



ELM: the Extreme Learning Machine has been exploited.

In Table 7.1, Table 7.2 and Table 7.3 the KPIs of the different methods in the two different
scenarios have been reported. Please note that the tables are not complete due to space
constraints and that the train and station IDs have been anonymized.
The results are discussed below on a per-table basis:


Table 7.1 reports the AAiCj and AAiC. From Table 7.1 it is possible to observe that RF
method in the WI scenario is the best performing method which performs up to two
times better than the current RFI system. When the RF method in the NoWI scenario
is exploited, it improves the RFI system by a large amount. The usage of weather data
improves the accuracy of approximately 10% when compared with not using it. Also
ELM and KM (both in the WI and NoWI scenarios) improve over the RFI system by a
large amount. Finally, note that the accuracy decreases as i increases since the
forecast refers to an event which is further into the future, and note that some trains
have fewer checkpoints than the others (this is the reason of the symbol “-“ for train j
= 14, which only passes through two checkpoints).



Table 7.2 reports the AACij and the AACi. From Table 7.2 it is possible to derive the
same observations derived from Table 7.1. In this case it is important to underline
that not all the trains run over all the checkpoints, and this is the reason why for
some combinations of train j and station i there is a symbol “-“.



Table 7.3 reports the TAAj and the TAA. The latter is more concise and better
underlines the advantage, from a final performance perspective, of the RF method in
the WI scenario with respect to the RFI prediction system.
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Table 7.1: Data Driven Models and RFI prediction systems AAiCj and AAiC (in minutes)
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Table 7.2: Data Driven Models and RFI prediction systems AACij and AACi (in minutes)
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Table 7.3: Data Driven Models and RFI prediction systems TAAj and TAA (in minutes)
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7.2 Scenario by UPORTO/EVOLEO/IP
This section reports how the scenario proposed by UPORTO/EVOLEO/IP (described in Section
6.3, page 40) has been tackled in the context of In2Rail WP9. Section 7.2.1 describes the
general setup of the problem. Section 7.2.2 shows the proposed approach for solving the
problem of nowcasting and forecasting lateral and vertical wheel-rail contact forces. Finally,
Section 7.2.3 describes the preliminary results that have been achieved through simulations.
7.2.1 Problem Formalization
As already mentioned in Section 6.3, this proposed NC/FC scenario focuses on the
development of a data-driven methodology able to provide nowcasts and forecasts of the
risk of derailment of a running train by estimating current and future contact forces between
the wheels of a running train and the rails. In particular, the goal is to substitute the
available physical white-box model of the Alfa Pendular train with a set of data-driven
models based on information about the train (i.e. the operational speed), the track
conditions (i.e. real track geometry data from the Portuguese Railway Line between Porto
and Lisbon) and the presence of wind as weather variable (i.e. wind speed and direction).
Firstly, the characteristics of the physical model have been studied in order to design the
data-driven models correctly. This activity highlighted that the physical model of the Alfa
Pendular train has a “memory”, i.e. it takes into account some of the information available
at previous instants with respect to the present one for which it is computing forces. This
behaviour is related to the fact that the forces acting on a running train do not depend
exclusively on the current situation, but also on the “history” of the run of the train.
Nonetheless, superposition of effects must be taken into account in case of multiple
subsequent track irregularities. Therefore, the proposed data-driven models solve the
problem of nowcasting wheel-rail contact forces as a time series forecast problem, where
the goal is to predict the future output given the current and all (or the most recent part of)
the past input/output pairs. As discussed in the previous chapter, time series forecasting
problems can be mapped to a multivariate regression problem, therefore algorithms from
Section 5.2.1.2 (page 28) will be considered.
Additionally, the track geometry data on which the physical model works is divided into
chunks corresponding to 25cm of track, which is the common sampling distance for track
irregularities through measurement car. Each chunk is taken into account in a different
simulation “round” where the model computes the updated wheel-rail contact forces.
Therefore, the proposed data-driven models compute the aforementioned forces in the
same way, i.e. for the very next simulation round (i.e. data chunk).
Finally, the last observation is that both the solutions have to consider exactly the same
inputs and outputs, listed in Table 7.4 and Table 7.5 respectively. It is worth noting that the
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forces outputted in past simulation rounds by the models become inputs in future
simulation rounds.

Inputs

Description

Position of the point in the track (points
are spaced 25 cm)
Measurement of the alignment (lateral
Alignment left (mm)
track irregularities) in the left rail
The same as alignment left, but for the
Alignment right (mm)
right rail
Measurement of the longitudinal
Longitudinal level left (mm) (vertical track irregularities) in the left
rail
Similar to the previous parameter, but
Longitudinal level right (mm)
for the right rail
Track Gauge (mm)
Distance between left and right rail
Twist (mm)
Cant gradient
The measurement of the difference in
elevation (height) between the top
Cross Level (mm)
surface of the two rails at any point of
railroad track
Expressed in radius, the shorter the
Curvature
radius, the sharper the curve is
Wind Speed (km/h)
Speed of the wind
Wind Direction
Direction of the wind
Vehicle Speed (km/h)
Speed of the running vehicle
Localization (km)

Type
Track geometry
Track geometry
Track geometry
Track geometry
Track geometry
Track geometry
Track geometry
Track geometry

Track geometry
Weather
Weather
Operational

Table 7.4: Inputs data for the data-driven models

Outputs
Y/Q left 1st wheelset
Y left 1st wheelset
Q left 1st wheelset
Y/Q right 1st wheelset
Y right 1st wheelset
Q right 1st wheelset

Description
Ratio of the lateral and vertical forces in the first wheelset
of the train in the left rail
Lateral force in the first wheelset of the train in the left rail
Vertical force in the first wheelset of the train in the left rail
Ratio of the lateral and vertical forces in the first wheelset
of the train in the right rail
Lateral force in the first wheelset of the train in the right rail
Vertical force in the first wheelset of the train in the right
rail
Table 7.5: Output data of the data-driven models

Output data refers to the lateral and vertical contact forces acting on the first wheelset in
left and right rails separately. During the first stages, this data is generated through
simulations by exploiting the physical Finite Elements model of the Alfa Pendular train. After
simulations with physical Finite Elements model, UPORTO generated a dataset where rows
GA 635900

Page 68 of 232

In2Rail

Deliverable D9.3
Nowcasting methodologies

were combinations of inputs and corresponding outputs, identified by the Localization
parameter. The locations identified by the Localization parameter are equally spaced with a
step of 25cm, therefore each row includes the information related to a very small section of
railway line.
The input data presented in the tables can be divided into three main categories:


Track geometry data;



Weather (wind) data;



Operational (train speed) data.

Track geometry data is real data coming from diagnostic campaigns performed with
specialized diagnostic trains in the locations depicted in Figure 7.6.

Figure 7.6: Railway sections from which data has been retrieved
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Wind and operational data, instead, have been set as simulation parameters, therefore they
are supplied to the Finite Elements model during the simulations for the generation of
contact forces data, and subsequently they are provided to the data-driven models in
relationship with the other available information.
It is worth noting that vehicle data related to the Alfa Pendular train seems to be missing,
but instead it is incorporated into the physical white-box model. Indeed, the equations
describing the response of the train to different forces (e.g. traction) and to different track
irregularities (e.g. alignment peaks) are used in the aforementioned simulations for data
generation. Therefore, the forces outputted by the physical model intrinsically include
information about the vehicle. If in future projects this methodology is applied to multiple
vehicle types contemporarily, the mechanical parameters of the vehicles will have to be
included as input data for the data-driven models in order to let them discriminate between
different vehicle types. On the contrary, with the current setup these parameters would be
seen as useless constants by the machine learning algorithms (i.e. the parameters relates to
the same vehicle, therefore mechanical parameters do not change).
To sum up, Figure 7.7 graphically shows the general nowcasting approach proposed to tackle
this scenario. When a train is at location kmi, the goal is to nowcast by means of data-driven
models the values of lateral and vertical wheel-rail contact forces that will affect the run of
the train at the location km(i+1), depicted in red.

Figure 7.7: Nowcasting general approach

The assets for which information is available when a running train is at a particular location
kmi are indicated in green. For instance, the track geometry data, the train speed, the wind
speed and the wheel-rail contact forces are available for all the past locations where the
train has transited. Moreover, the track geometry data is also available for future locations,
since it is collected regularly through diagnostic campaigns.
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The next section describes the proposed solution in terms of multivariate regression
problem.
7.2.2 Proposed Solution
As already stated in the previous section, the prediction of wheel-rail lateral and vertical
contact forces can be mapped to a multivariate regression problem. In particular, the
problem includes multiple variable of interest (i.e. the complete set of wheel-rail contact
forces) and other possible correlated variables (e.g. information about the track geometry in
a particular location, wind information, etc.). The goal is to find a solution able to model the
link between the variables of interest, their past values (i.e. their history), and the other
correlated variables. In other words, the resulting models should predict, with the highest
possible accuracy, the forces that will act on the Alfa Pendular train for the next 25cm track
chunk with respect to the one in which the train currently is. Given the previous
observations, it is easy to map this problem into a classical multivariate regression problem
[315] [316] [317] [318]. Due to the dynamic nature of the problem the regression problem is
also time-varying, consequently only the most recent part of the historical data have to be
used, which represent the distribution under exam.
Figure 7.8 shows a graphical representation of the mapping of the wheel-rail contact forces
nowcasting problem into a multivariate regression problem, where the green and red
colours have the same meaning as in Figure 7.7. Note that the green shape, which
comprehends the known information for a train travelling at location kmi, is divided into two
different areas: the first one includes the values which will be actually used in order to
estimate the forces to be nowcasted depicted in red in Figure 7.8, while the second one
includes known data that will be exploited only at future stages.

Figure 7.8: Graphical representation of multivariate regression problem
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The proposed modelling approach is based on a set of data-driven models that, working
together, allow nowcasting the complete set of wheel-rail lateral and vertical contact forces,
as well as their ratio. In particular, focusing on a single wheelset, the goal is to predict the Y,
Q and Y/Q values for both the left and right rail. Therefore, six different values have to be
nowcasted for each new 25cm track chunk where the Alfa Pendular train is going to transit.
In order to nowcast the six different quantities, six data-driven models have to be built.
One important consideration in building these data-driven models is the fact that the wheelrail contact forces acting on a particular wheelset of a vehicle will also influence the forces
acting on the other wheelset(s) of the same vehicle. Theoretically, in order to make the
approach as general as possible, the data-driven models should also integrate data related
to the forces acting on the other wheelset(s) of the same vehicle with respect to the
considered one. Since this data has not been shared by UPORTO due to simulation time
constraints, the data has been substituted with track geometry data.
Another main key characteristic of this approach which had to be carefully studied, relates
to the number of samples that have to be considered as representative of the “history” of a
run of a train. Let us suppose that a train is currently travelling at location kmi, and that the
information related to the current run of the train, including location from km(i-1) to km-∞
(where the “-∞” refers to the moment in which the train started its journey) are all known
and available. It is clear that some of the effects of the track irregularities on the wheel-rail
contact forces will have already concluded their action, but some of them will still be acting
on the considered running train. Therefore, what is the minimum distance (in centimetres,
meters or kilometres) before location kmi for which data have to be considered as input of
the data-driven models in order to be sure that no information about effects of track
irregularities will be cut off?
In the context of this scenario, a simple empirical analysis has been performed in order to
tune the amount of historical data to be included as inputs of the data-driven models. In
particular, we tuned data-driven models performances also based on this parameter. The
analysis indicated that, at least for the data that UPORTO shared with UNIGE, at least 80m of
historical data have to be provided to the data-driven models. This results in a high
dimensionality of the input data, which comprises several parameters that have to be
multiplied by the number of past samples to be considered.
Kernel Regularized Least Squares (KRLS) [319] [320] [321], a state-of-the-art machine
learning algorithm belonging to the family of kernel methods (see Section 5.2.1.1), has been
exploited. This algorithm has already been described briefly in Section 7.1.2.
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7.2.3 Preliminary Results
This section describes the laboratory tests and simulations performed in order to retrieve
the preliminary results for the nowcasting of wheel-rail lateral and vertical contact forces.
First the simulation methodology and setup are described, and then the preliminary results
are reported.
7.2.3.1 Data Generation and Simulations Methodology
Firstly, it is worth recalling that the fundamental steps for completing this scenario, already
listed in Section 6.3:
1. Collecting/designing input data;
2. Performing simulations with physical Finite Elements model of the Alfa Pendular train
with input data of step (1), so to generate output data, namely Y and Q wheel-rail
contact forces values;
3. Building the data-driven model through state-or-art machine learning algorithms that
can infer the relationship between the same input data of step (1), and lateral and
vertical forces generated at step (2) through simulations.
Concerning step (2), UPORTO performed a large number of simulations in order to get
output forces for the widest range of simulation parameters possible. In particular, vehicle
speed and wind speed and direction have been varied according to the values listed in Table
7.6, and any combination of these values has been simulated.
Parameter

Values
140 km/h

Vehicle Speed

180 km/h
220 km/h
0 km/h (no wind)

Wind Speed & Direction

60 km/h, perpendicular to left side of the train
60 km/h, perpendicular to right side of the train

Table 7.6: Simulation parameters for the generation of output forces data

Simulations have been performed on a 10 km straight line (7 km + 3 km not adjacent), but it
is planned to continue the work done so far by performing new simulations including curves,
according to the locations highlighted in Figure 7.6. The complete dataset has been already
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created and the new simulations will be performed with the new results reported in
Deliverables 9.4 and 9.5 of In2Rail project.
Concerning step (3), the general idea behind simulations for building and assessing the
performance of data-driven models follows the one at the basis of the model selection
procedures (described in Section 5.3). In short, part of the available data is used to build
models, while the rest is exploited for performance evaluation. The former set of data is
called “training set”, while the latter is called “test set”. In this case, the initial training set
has been formed by about 3km of data, while the rest of the subsequent data (about 3km)
have been exploited to test the data-driven models. Finally, an online-approach is adopted
for this scenario, which updates predictive models in order to take advantage of new
information as soon as it becomes available.
The next section discusses the preliminary results achieved by the data-driven models build
by following the procedure described that has been just described.
7.2.3.2 Description of Preliminary Results
This section describes the preliminary results achieved with the nowcasting methodology
proposed for this scenario.
During preliminary and laboratory tests, the developed method has proved very successful
and the results are very promising. The tests have been carried out using the methodology
described in the previous section: some historical data has been used for building datadriven models, some for testing them. Once the model has been built, their responses have
been compared with the real testing data, so to evaluate their performance.
The graphs included in Section 7.2.3.3, which refer to each of the six data-driven models
implemented, represent the main output of this analysis. For each single data-driven model,
three different graphs are provided, showing their prediction capabilities:


True (Actual) forces vs Predicted forces (scatter plot);



Percentage Error Distribution (histogram);



Cumulative Percentage Error Distribution (histogram).

All the values depicted in these graphs are normalized in the range between 0 and 1. These
graphs are usually exploited in order to visualize and inspect the results of regression
analysis, and represent some of the richest form of data visualization. In particular, the first
type of scatter plot shows the relationship between estimates/predictions outputted by a
model and the actual values to be predicted. Considering that the goal of a data-driven
model is to output estimates/predictions that are “closer” to the values to be
estimated/predicted, ideally, all the points included in the graph should be close to the
diagonal line of equation
(i.e. actual values = predicted values). The closer are the
points to this diagonal line, the better the performance of the model under examination. The
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more “foggy” or dispersed the points are (i.e. away from the diagonal line), the weaker the
goodness of fit of the model.
The second type of graph is a histogram showing the distribution of the percentage error,
which is defined as the absolute difference between the estimated/predicted values and the
true values as a percentage of the true value. It is a measure that expresses how “close” the
estimate/prediction is to a real value. In particular, the histogram includes the values of
percentage error on the x-axis, and the probability of occurrence of that particular value of
percentage error on the y-axis. For this type of graph, in the ideal situation the probability of
having a percentage error equal to zero would be equal to 1. Generally, the closer is the
mode of the probability to zero, the better the model performance. Moreover, if the
probability of having a certain percentage error decreases as the percentage error increases
in the graph, it is possible to say that the model captured the existence of some information
inside data.
Finally, the third type of graph is a histogram that is closely related to the second one. It
shows the cumulative distribution of the percentage error, which shows the probability that
a single observation of the percentage error (e.g. the output of a new simulation trial) will
take a value less than or equal to a certain percentage error. Therefore, by looking at this
histogram, it is possible to assess the performance of a data-driven model by checking the
maximum percentage of error associated with a large percentage (e.g. 90%) of the
responses.
Given the aforementioned graphs, the following list comments on the achieved preliminary
results:




Q vertical force, left (Figure 7.9) and right (Figure 7.10) rail: generally, the
performance of the data-driven models in nowcasting the vertical wheel-rail contact
forces are very good, and they are similar for either the right or the left rail. The first
graphs show a large percentage of the points lying close to the diagonal line,
therefore confirming the good predictive power of the models. Additionally, the
distribution of the percentage error shows a very positive trend since the mode of
the percentage error is very close to zero and the probability decreases as the
percentage error increases. Even from this second graph it is clear that much more
than 50% of the tests performed have given a response associated with a percentage
error lower than 5%. This can be seen in a much clearer way from the cumulative
distribution graph, from which it is possible to conclude that more than 90% of the
responses got during tests have shown a percentage error equal or lower than 8%.

Y lateral force, left (Figure 7.11) and right (Figure 7.12) rail: the performance of the
data-driven models in nowcasting the lateral wheel-rail contact forces are even
better, and again, the same consideration can be drawn for either the right or the left
rail. The most interesting observation is that the 90% of the responses obtained
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during tests have shown a percentage error equal or lower than 6%, as confirmed by
the cumulative distribution graph. In summary, the same comments expressed for
the performance of the nowcasting models for the Q forces hold for the Y forces.


Y/Q forces ratio, left (Figure 7.13) and right (Figure 7.14) rail: contrary to what was
expected, the graphs related to nowcasting the Y/Q ratio of wheel-rail forces show
surprisingly that data-driven models are not able to perform well in this task, either
for the right or left rail. Even though the graphs of the distribution of percentage
error show that the data include some information for estimating/predicting the
forces ratio, the other two types of graph clearly demonstrate that the
estimations/predictions are associated with a large percentage error in most of the
tests performed. For instance, the points of the “True vs Predicted” plot are fairly
scattered, especially in the left-lower part, meaning that the performance of the
models are poor. Moreover, the cumulative distribution of the percentage error
indicates that 90% of the tests performed led to responses associated with a
percentage error equal or lower than the 30% circa, which differs by one order of
magnitude with respect to the other types of data-driven models.

Concisely, the results show that it is possible to substitute physical models with data-driven
ones in order to nowcast the lateral (Y) and vertical (Q) wheel-rail contact forces separately.
Indeed, the preliminary results achieved through simulations have shown that the
developed methodology produces models with high predictive performance at a high
accuracy level. On the contrary, the analysis stated that it is not possible to accurately
estimate/predict the Y/Q ratio of forces in a direct way; instead it is better to compute it as a
result of the ratio of the nowcasts of Y and Q forces.
Future developments of this work in the context of In2Rail WP9 will include the following
steps:


Complete the simulations for straight tracks and for curves;



Extend the work done for nowcasting to forecasting (within Deliverable 9.4):
o By studying and developing the methodology extensively described in
Appendix B – Section 11.3.8 (page 180),
o By increasing the prediction horizon (e.g. forecasting forces for the next
100m instead of 25cm);



Validate the methodology with more/new data (within Deliverable 9.5);



Further analyse the methodology in order to identify the gaps between the research
activity performed and the requirements for the adoption of a nowcasting system in
the real world.
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7.2.3.3 Graphical Results

Figure 7.9: Simulation results for Q vertical force: first wheelset, left rail

Figure 7.10: Simulation results for Q vertical force: first wheelset, right rail
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Figure 7.11: Simulation results for Y lateral force: first wheelset, left rail

Figure 7.12: Simulation results for Y lateral force: first wheelset, right rail

GA 635900

Page 78 of 232

In2Rail

Deliverable D9.3
Nowcasting methodologies

Figure 7.13: Simulation results for Y/Q forces ratio: first wheelset, left rail

Figure 7.14: Simulation results for Y/Q forces ratio: first wheelset, right rail
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7.3 Scenario by TRV/LTU
This section reports the preliminary results of scenario proposed by TRV/LTU as described in
Section 6.4 (and detailed in Appendix B – Section 11.4). Subsection 7.3.1 shows the
description of the problem, i.e., nowcast S&Cs by predicting the probability of failure to
provide the decision support to the TMS for dispatching the train to the particular route as
shown in Figure 11.22 and Figure 11.26. Subsection 7.3.2 shows the proposed solution by
using the traditional reliability models to predict nowcast. Subsection 7.3.3 shows the
preliminary results by observing the statistical results of behaviour of different types of S&Cs
and nowcasting predictions by the models shown above. These results are supported by
different databases from Trafikverket as described in Appendix B – Section 11.4.4. All the
above sections are illustrated in Figure 7.16.
7.3.1 Problem Formalization
In the scenario description in Section 6.4, the asset of interest is the Switches and Crossings.
In case of No Failure condition, the nowcasting will provide information to TMS on whether
it is possible to lock the first green train route within the time interval (nowcast interval) as
shown in Figure 11.22. The condition of S&C is assessed by interlocking system whether to
dispatch a train by the TMS for switch S01 as shown in Figure 11.26. Since there is no failure,
it is safe to send the train to that route with a particular probability of failure for switch S11.
If nowcasting is to be implemented at a single switch S11, where several routes originate,
the best-chosen route is selected of the switches S21, S22 and S23. It is based on the
probability of failure of each of the switches and it is dependent on the type of switches,
reliability, remaining useful life and supportability.

Figure 7.15: Switches and Crossings for Nowcasting graphical view
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The nowcasting for the probability of failure of S&Cs can be calculated by the below
flowgraph in Figure 7.16. There are different data sources available to calculate the
forecasting. These data sources are explained in Section 6.4 (and detailed in Appendix B Section 11.4.4). These data sources are asset register (BIS), failures (Ofelia), Optram (Track
geometry), weather (SMHI), maintenance (BESSY), interlocking system (DS-Analys) and
traffic information (STIG). This aggregated data has to be cleaned before processing
according to the S&C within track section. This aggregated data is useful to analyse and find
the statistical insights and behaviour of S&Cs.
The analysis of the problem can be carried out in two stages; one is statistical analysis and
second is the nowcasting prediction. The statistical results show an insight to the different
types of failures and maintenance actions carried out on the S&Cs. This will help in TMS to
give a quick judgement on what the possible dominant failure modes/causes are that can
disrupt the traffic. These results are provided in section 7.3.3.1. From the available data, the
nowcasting of a specific S&C in a track section can be found out by using data driven
methods using reliability modelling. To obtain the probability of failure, a non-homogenous
Poisson process (NHPP) was used to predict the nowcasting. Furthermore, the nowcasting of
further inputs such as weather forecasts from the previous data can also be predicted using
regression modelling but it is not so dominant that it has an effect on the predictions.
Inputs
Weather
forecasts, etc
Data

Data Cleaning

Data
Agggregation

Statistical
Analysis

Nowcasting
Prediction
Assets
Reliability of
S&Cs

S&C and
Track
Section

BIS
Station Name, Type of
S&C, Installation Data,
Track Type...

Ofelia
DoT of failure,
subsystem, TTR, failure
type, cause, action….

Optram
SDH, Driv1 Max, Driv2
Max, Dubbelderivata,
Korsning,...

SMHI
Weather data at
stations, Rainfall,
Temperature,….

BESSY
DoT of inspection, Type
of inspection, remark,
action proposed..

DS-Analys
Interlocking,
Movements per month,
No. Of trains per day,...

Stigfinnaren
Number of trains, Load
MGT, Delayed trains, If
winter,...

Figure 7.16: Proposed process flow of nowcasting scenario
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7.3.2 Proposed Solution
The assets chosen in this scenario, the switches and crossings, are the repairable systems.
The probabilities can be estimated by using Non-homogenous Poisson Process-Power law
models for rerouting the traffic by TMS. This can be achieved by analysing the life data from
the growth curves. The mean number of repairs and the rate of occurrence of failure
(ROCOF) over time can be calculated by using a power-law process or a homogeneous
Poisson process. The developed models based on the Power Law NHPP are useful to predict
the nowcast for present condition. This information can be used for following applications
[335]:


Setting maintenance schedules;



Making provisions for spare parts;



Assuring suitable performance.

Non-homogenous Poisson Process (NHPP)
A nonhomogeneous Poisson process with an intensity function that represents the rate of
failures or repairs. The power-law process can model a system that is improving,
deteriorating, or remaining stable. This model can predict failure/repair times that have an
increasing, decreasing, or constant rate. The repair rate for a power-law process is a function
of time.
The non-homogeneous Poisson process (NHPP) differs from the HPP by the fact that the
ROCOF varies with time. The condition to fulfil for a counting process N(t), t ≥ 0 to be an
NHPP are: - N(0) = 0; - N(t), t ≥ 0 has independent increments (not in accordance with
definition but assumed anyway); - the number of events (failures) in any interval ti − ti−1,(i =
1, . . . , n) has a Poisson distribution with mean

, we have [333]:

where i = 1, . . . , n; j ≥ 0; - the expression of the reliability function is:

where i = 1, . . . , n; j ≥ 0;
ROCOF for the power law is:
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And the expected number of failure is:

Because of the polynomial nature of the ROCOF, this model is very flexible and can model
both increasing (b > 1 or a < 0) and decreasing (0 < b < 1 or 0 < a < 1)) failure rates. When b =
1 or a = 0, the model reduces to the HPP constant repair rate model [334].
Each of these tests uses the Bartlett's modified likelihood ratio test whenever possible.
The hypotheses for these tests are:


H0: all of the shapes (or scales or MTBFs) are equal;



H1: at least one of the shapes (or scales or MTBFs) is different.

7.3.2.1 Event Plot
A plot of events (failures and retirements) for all systems. The plot consists of:


Horizontal lines, which represent the lifetime of each system;



Cross (X) points, which represent the failure and retirement times of each system;



Cost values or frequencies (optional), which represent the cost or frequency of failure
at the cross points.

Use the event plot to visually determine whether successive failures are increasing,
decreasing, or remaining constant.
7.3.2.2 Mean Cumulative Function
Use the mean cumulative function and Nelson-Aalen plot to determine whether your system
is improving, deteriorating, or staying constant. The plot consists of:


The Nelson-Aalen plot, which is a plot of the empirical mean cumulative function. The
estimated failure times is evenly distributed by the number of occurrences in each
interval and plotting the appropriate points.



The mean cumulative function plot, which is a plot of the mean cumulative function
based on the estimated shape and scale. For a power-law process, the rate of system
failures can increase, decrease, or remain constant. The resulting graph can be
straight or a curve that is either concave up or down. For a homogeneous Poisson
process, the failure rate is constant, resulting in a straight line.

The plot provides information about the pattern of system failures:



A straight-line pattern indicates that system failures are remaining constant over
time-your system is stable;

A concave down pattern indicates that the time between failures is increasing over
time-your system reliability is improving;
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A concave up pattern indicates that the time between failures is decreasing over
time-your system reliability is deteriorating.

7.3.2.3 Duane Plot
A scatterplot of the cumulative number of failures at a particular time divided by the time
(cumulative failure rate) versus time. Use a Duane plot to:


Assess whether your data follow a power-law process or a homogeneous Poisson
process;



Determine if your system is improving, deteriorating, or remaining stable.

The fitted line on the Duane plot is the best fitted line when the assumption of the powerlaw process is valid and the shape and scale are estimated using the least squares method.
The Duane plot should be roughly linear if the power-law process or homogeneous Poisson
process is appropriate. A negative slope shows reliability improvement, a positive slope
shows reliability deterioration, and no slope (a horizontal line) shows a stable system.
7.3.2.4 Total Time on Test Plot
Use a total-time-on-test (TTT) plot to visualize how well your model fits the data. The TTT
plot provides a graphical goodness-of-fit test for the power-law process;


A power-law process is appropriate if the TTT plot lies close to the diagonal or is a
curve that is either concave up or concave down;



If there is no pattern, or a curve that shifts between being concave up and concave
down, the power-law process is inadequate.

7.3.2.5 Probability of Failure
Parametric Growth Curve is used to estimate the probability of failure within a given time
frame. The estimated mean cumulative function,

Where:
t = the time since the start of the test
β = the estimated shape parameter
θ = the estimated scale parameter
The probability that at least one failure will occur between now (t) and the next t1 hours is:

where X is the number of failures in the time interval (t, t+t1].
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7.3.3 Preliminary Results
The results for the nowcasting is divided into the two



Statistical Results;
Nowcasting Predictions.

7.3.3.1 Statistical Results
The below results are obtained from the aggregation of available data sources obtained from
TrV. The figures from Figure 7.19 to Figure 7.23 show the dominant failure modes, causes,
actions and interdependencies of failures. This information will provide decision support to
TMS for quick action possible outcomes of the failure to reduce the time to restoration.
Identifying the problem when less information is available can be useful to TMS to judge the
approximate time to restoration and to get the asset in a working condition.
7.3.3.1.1 Failure Types

Figure 7.17: Failure Types of S&Cs

The three common-most failure modes as shown in Figure 7.17 are:
1. Not possible to define;
2. Broken;
3. Bad contact.
It was interesting to know that most of the failures are impossible to define. Hence, it is
difficult to asset the status for nowcasting/forecasting to see what action need to be taken
to ensure the asset in working condition.
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7.3.3.1.2 Cause Types

Figure 7.18: Cause Types of S&Cs

The potential cause modes as shown in Figure 7.18 are:
1. Unknown;
2. Material Fatigue;
3. Snow or Ice.
Another interesting and major problem about the root cause of failure is the “Unknown”
failures. The maintenance managers and TMS need additional information to provide
accurate prediction on the amount of time to restore for scheduling. Possible approximates
for causes might be snow/ice for winter condition and material fatigue or component faulty
for all weather conditions.
7.3.3.1.3 Failure Action Types

Figure 7.19: Failure action types for S&Cs
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The major failure action types shown in Figure 7.19 are:
1. Replacement;
2. Lubrication;
3. Adjustment.
Most of the failure actions are due to the replacement of several components within the
S&C. This can infer that the real age of S&C is difficult to predict though one can suggest that
there will be improvement in the behaviour of S&Cs.
7.3.3.1.4 Subsystem Corrected

Figure 7.20: Subsystem Corrected types of S&Cs

The weakest subsystems of S&Cs (as shown in Figure 7.20) are:
1. Heating system;
2. Point Machine Bars;
3. Switch blade detection.
Due to the weather conditions in Sweden, heating subsystem of the S&C can lead to major
failures. Most of the adjustments were carried on the point machine bars and failures in the
switch blade detection box. These failure modes are described in detail in Appendix B Section 11.4.3.3.1.
7.3.3.1.5 Causes Vs Actions
The most Cause-Action pairs as shown in Figure 7.21 are:
1. Snow-Snow clearance
2. Rinsing-material fatigue
3. Unknown cause-cleaning
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The cause-action pair can provide the combination of different causes and possible actions
taken on the S&Cs. As illustrated in the figure, these action pairs are dominant of all other
combinations. This information can be useful for TMS to quickly diagnose and take action.

Figure 7.21: Interaction of causes and actions of S&Cs

7.3.3.1.6 Failure Type Vs Subsystem Corrected

Figure 7.22: Failure Type Vs Subsystem Corrected pairs for S&Cs
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The most failure type-subsystem corrected pairs as shown in Figure 7.22 are
1. Point machine and bars-not possible to define
2. Heating system and broken
3. Switch blade detection because of broken materials.
There is a lot of uncertainty on the point machine bars as to the reason for failure. Further
research into the engineering solutions to reduce the frequency of these failures is required.
The other systems mostly failed because of the broken materials due to overstress and
excessive usage of the subsystems.
7.3.3.1.7 Failure Number vs Down Time of S&Cs
The distribution of time to restoration is shown in Figure 7.23. The time to restoration of
S&Cs is 90% in the range up to 2 hours. There are some failures that are delayed more than
1000 minutes. This is because these S&Cs are not positioned in the main line and there is
less chance of traffic disruption. Because of the distribution of the time to restoration, it has
been presumably estimated that the planning process for maintenance actions of S&Cs takes
two hours to plan repair/replacement, depending upon the traffic density.

Figure 7.23: Time to restoration of failures of S&Cs

7.3.3.1.8 Interpretation of results
The above statistical analyses show that in the case of an unknown failure, the maintenance
managers can look at these results to find the dominant failure-cause-action pairs and
decide immediately on the maintenance action to be taken to reduce down time. These
actions serve another purpose of decreasing the probability of failure for carrying out
nowcasting, to ensure a better operating condition.
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7.3.3.2 Nowcasting Predictions
For demonstration purposes, the nowcasting predictions of the S&Cs are carried out for a
track section 119. There are 13 S&Cs with different failures. The predictions can be carried
out by using the Weibull distribution (Power Law) with Maximum Likelihood Estimation
(MLE).
7.3.3.2.1 Event Plot

Event Plot for TTF
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Figure 7.24: Event plot of track section 119

The event plot of all 13 S&Cs is shown in Figure 7.24. From the distribution of failures, it can
be interpreted as the age/life of the S&Cs are increasing because of the successive
repair/replacement actions taking place on S&C.
7.3.3.2.2 Mean Cumulative Function plot
From the Figure 7.25, due to the concave nature of pattern between time to failures
increases over time, that means S&Cs are improving. The shape and scale parameters are
extracted from the function.
7.3.3.2.3 Duane Plot
The Duane plot illustrated in Figure 7.26 shows that the reliability improvement of the
system.
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7.3.3.2.4 Total Time on test plot
Since the plot drawn as shown in Figure 7.27 represents the improving system, also means
that the developed model is adequate to predict the behaviour of failure.
7.3.3.2.5 Probability of Failure
The model parameters for the Non-Homogenous Poisson Process (NHPP) were extracted
from the Maximum Likelihood using Power-Law process. The estimated parameters,
different tests and their results are interpreted in Table 7.7:
Mean Cumulative Function for TTF
95% CI
System Column in ID
14

Parameter, MLE
Shape
Scale
0,387465 1777,40

12

MCF

10
8
6
4
2
0
0

200000

400000

600000

800000
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Figure 7.25: Mean Cumulative Function (MCF) plot

Duane Plot for TTF
System Column in ID
Parameter, MLE
Shape
Scale
0,387465 1777,40

Cumulative Failure Rate
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Figure 7.26: Duane Plot
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Total Time on Test Plot for TTF
System Column in ID
Parameter, MLE
Shape
Scale
0,387465 1777,40

Scaled Total Time on Test

1,0

0,8

0,6

0,4

0,2

0,0
0,0

0,2

0,4

0,6

0,8

1,0

Scaled Failure Number

Figure 7.27: Total Time on Test Plot

Model: Power-Law Process
Estimation Method: Maximum Likelihood
Parameter Estimates
Parameter
Shape
Scale

Estimate
0,387465
1777,40

Standard
Error
0,032
982,211

95% Normal CI
Lower
Upper
0,329773 0,455251
601,732
5250,11

Test for Equal Shape Parameters
Bartlett’s Modified Likelihood Ratio Chi-Square
Test Statistic
P-Value
DF

15,13
0,235
12

Trend Tests
Test Statistic
P-Value
DF

MIL-Hdbk-189
TTT-based Pooled
643,55 612,78
0,000
0,000
244
220

Laplace’s
TTT-based Pooled
-10,15 -10,82
0,000
0,000

Anderson-Darling
75,92
0,000

Table 7.7: Extraction of NHPP parameters using Minitab

The estimate of the shape (0.3875) is less than 1, indicating that the failure rate is
decreasing. There is 95% confidence that the interval (0.329773, 0.45525) contains the true
shape.
The test for equal shape parameters indicates that there is not enough evidence to say that
the systems come from populations with different shapes (P-Value = 0.235). The pooled
estimate of the shape is valid.
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The tests for trend are all significant (P-Value = 0.000). This means that there is enough
evidence to reject the null hypothesis that there is no trend in your data.
The failure probability can be estimated by using the equation:

Where θ = scale parameter = 1777,4 and
β = shape parameter = 0,39
T = Last failure
T = 100 hours chosen for nowcasting
The failure probabilities for all S&Cs were calculated by the above equation as shown in
Table 7.8. The reliability was also calculated as:

ID of
S&C

No. Of
Failures

Last Failure
(time in
hrs)

T+t (100
hrs)

Failure
Probability

Reliability approx.
Of S&C

3810001

12

1609675

1609775

0,0003448

0,999655259

3810004

4

1525430

1525530

0,0003563

0,999643769

3820001

6

1088513

1088613

0,0004377

0,999562366

3820004

6

1037555

1037655

0,0004507

0,999549381

3830012

10

1688073

1688173

0,0003349

0,999665114

3830013

12

1618340

1618440

0,0003437

0,999656386

3840001

16

1737081

1737181

0,0003291

0,999670908

3840002

13

1666006

1666106

0,0003376

0,999662415

3840007

7

1456317

1456417

0,0003665

0,999633553

3840008

12

1603853

1603953

0,0003456

0,999654496

3850008

7

1534893

1534993

0,000355

0,99964511

3850026

9

1676938

1677038

0,0003363

0,999663759

3850027

9

1558489

1558589

0,0003517

0,999648397

Table 7.8: Probability values for S&Cs
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7.3.3.2.6 Interpretation of results
In case of No Failure in Switches and Crossings, the TMS can dispatch the train to the
particular route based on the probability of failure in which TRV is interested. The
nowcasting predictions were carried out by using Non-Homogenous Poisson Process for a
track section, 119 assuming that all S&Cs follow independent and identically distributed
assets. The probability of failure of each of the S&Cs in this line was reported in Table 7.8.
TMS will consider these values to check the status of each S&C and the present/future
maintenance action to dispatch the train to the particular route. The S&C with less
probability of failure is given the higher priority for dispatching the train. For the
maintenance managers, the one with high probability of failure and potential to disrupt the
traffic has higher priority for immediate action to improve the time to restoration.
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7.4 Scenario by SR/DLR
This section reports the scenario of Strukton and DLR (see Section 6.5, page 45) to monitor
(nowcast) the condition of railway switches by centralized remote data analytics. It describes
in detail how the power consumption of a switch engine represented by the time series of
the drawn current (current graph) can be interpreted and used for a statement about the
actual switch status. In Section 7.4.1 the problems of condition monitoring for railway
switches are summarized followed by the proposed solution in Section 7.4.2. The preliminary
results obtained for one switch in the Netherlands are presented and discussed in Section
7.4.3.
7.4.1

Problem Formalization

A switch has a significant role in railway infrastructure. Whenever the availability of a switch
is compromised, it introduces different problems and has direct influence on the
infrastructure availability and train delays. TMS detects whenever a switch is available or not
locked. Being able to tell more than just a binary state of the switch (functioning / nonfunctioning) would provide information of great importance for the TMS. As described in
section 4 of this deliverable, the TMS could benefit of great improvements in the
maintenance departments, allowing scheduling maintenance interventions in a better way
so the asset condition could be improved before it eventually fails. Figure 7.28 shows the
two binary functional states in relation to the more detailed conditional states which will
provide the valuable information for the TMS.
Asset status
Functional State

Switch not
functioning

Asset status
Conditional State

Switch moves

No movement at all

Very bad condition
Switch is
functioning

Bad condition

Small conditional issues

Good condition

Figure 7.28: Functional and conditional states of a switch
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The available switch monitoring data provides information about the switch engine power
consumption during the movement of the switch blades (see Figure 11.34, page 209). Within
this data the (partial) asset status is concealed. For both functional states the observed
current graphs exhibit significant variances indicating different conditions or types of
malfunction of the switch. Using the available domain knowledge by an experienced
engineer analyzing the current graphs visually (‘analyst’) the current graphs showing ‘normal
behavior’ can be easily identified and distinguished from current graphs showing ‘abnormal
behavior’ (indicating that a switch is not functioning or in a very bad condition, see Figure
11.35, page 209). Nevertheless, the continuous monitoring of several hundred switches by
analysts is not feasible. Furthermore, human analysts are typically not able to detect minor
(systematic) changes over time. To extract useful asset status information from the
monitoring data the data has to be analyzed by performing advanced data analytics
automatically.
Algorithms to recognize failing movements (switch is not functioning) are quite simple and
can based on single criterion thresholds. The real challenge is to distinguish normal behavior
(switch is in good condition) from not normal behavior (degradation of switch condition) if
the switch is (still) functioning (switch is locked at the end of the switch movement). The
challenges for analysing the switch engine power consumption for determining the detailed
asset status are, for example, maintenance activities and weather influences. Both examples
can have a strong influence on the current graph but not necessarily indicate a (negative)
change of switch condition. In this scenario the aim is to split the monitoring data into
different, well defined states of asset condition.
Several strategies are already used to automatically analyse the time series of the current
(current graph), for example assessing the area under the curve and comparing it to a
reference curve. This state-of-the-art bears the difficulty of determining a ‘normal’ reference
current graph for comparison with a new measured current graph which shall be classified.
Furthermore, classification schemes based on only a single criterion are prone to
misclassification due to an oversimplification.
One strategy of modern data analytics is supervised learning. The advantage of supervised
learning is typically a high classification performance if suitable and complete training data
sets with meaningful features representing all relevant influences are available. Therefore,
supervised learning strategies often fail for specific applications as such high quality training
data sets are not (yet) available. This is typically the case where some relevant influences are
unknown (e.g. influence of a specific type of maintenance action, weather, etc.) or where
corresponding data is missing/not available. A further disadvantage is the ‘black box’
behaviour of supervised learning techniques which provide results but typically gain no
insights in the underlying interrelations.
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A difficulty especially for switch monitoring based on the power consumption is that the
available database is sparse for reported incidents (an operator is reporting the malfunction
of a switch) and corresponding failure data (the switch was checked by a maintenance
team). The operators typically report only non-functioning switches. Therefore, the majority
of ‘abnormal’ switch movements of still functioning switches are not related to a reported
incident and cannot be labelled correctly for a successful supervised learning approach.
Due to the lack of an extensive database of reported incidents as discussed before,
unsupervised learning is used to capture anomalies which are not captured by the reported
incidents and to identify the most relevant characteristics of the current graph for analysis in
terms of nowcasting.
7.4.2 Proposed Solution
The proposed approach as shown in Figure 7.29 is to tackle and analyse the current graphs
of the switch engines by extracting time series features and applying unsupervised learning
techniques (more precisely clustering methods, see Section 5.2.2.1, page 29). One of the
main goals is to identify groups (clusters) of similar current graphs in the unlabelled data set.
The clustering technique used here is k-means in combination with about 12 out of 20
available time series features extracted from the current graphs. The main steps of the
explorative data analysis are pre-processing, data transformation (feature extraction) and
clustering followed by the interpretation using domain knowledge (Figure 7.29).

Figure 7.29: Approach for the explorative data analysis of the switch engine current graphs

The interpretation is a careful analysis of the derived clusters regarding their properties and
extracted features of the current graphs including domain knowledge. In this way a deep
understanding of the significance and explanatory power of the features is obtained. Based
on this new in-depth knowledge the criteria for a traceable automatic multi-criteria multistage classification of the current graphs based on the feature set can be defined and easily
implemented.
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7.4.2.1 Pre-processing
The dataset of current graphs of a specific switch is first split into two data sets with respect
to the different directions of the blade movement. Afterwards, both direction data sets are
further split by a combination of several criteria to separate strongly abnormal movements
and failed switch movements from ‘normal movements’. The criteria for the data set
splitting were derived by a comprehensive unsupervised cluster analysis of all current graphs
for one intensively used switch (switch 3076). Splitting the full data set into sub data sets
allows an effective further analysis of the ‘normal’ and ‘abnormal’ movements. The ‘normal’
movements are further analysed to detect rather small deviations within the current graphs
which may indicate emerging problems or defects. The ‘abnormal’ movements are further
analysed to identify (diagnose) the already existing problem or defect.
7.4.2.2 Data Transformation / feature extraction
Considering the variable length of a switch movement in time, data transformation gives the
ability to compare current graphs stemming from switch movements of different length. In
this context the data transformation process is used to calculate features from the original
time series to identify certain characteristics which can be used for getting insights to the
dataset. Furthermore it is essential to decide which features are meaningful for the objective
and what are reasonable combinations of these features in the processing workflow.
In this context the feature selection for a suitable data transformation is done in
combination with domain knowledge and explorative data analysis. The considered features
are of different geometric and statistical type:


Area under the curve;



Maximum current;



Minimum current;



Median and Mean current;



Quantile 25%;



Quantile 75%;



Kurtosis;



Skewness;



Peak-to-Peak amplitude;



Duration of switch movement.
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7.4.2.3 Clustering
The applied unsupervised clustering technique is the k-means algorithm (Hartigan & Wong,
1979) which is able to group the data according to their intrinsic characteristics (Jain, 2010).
As described by Hartigan and Wong in (Hartigan & Wong, 1979) the data points are divided
into the predefined number of clusters minimizing the within-clusters sum of squares
(Hartigan & Wong, 1979). To calculate the distance between the centroids of the clusters
and the data points the Euclidean distance is used for k-means (Hartigan & Wong, 1979).
The underlying workflow for the cluster analysis is explained in depth in the following
section describing the preliminary results.
7.4.3 Preliminary Results
In the following section the preliminary results of the explorative data analysis of the switch
engine current graphs of one switch (switch 3076) and the derived nowcasting classification
scheme are presented. Based on the analysis results a multi-criteria multi-stage classification
scheme was set up to obtain condition information (fail, attention, ok) for every current
graph. The details of the derived classification scheme are presented in the first Subsection
7.4.3.1 followed by a detailed discussion of the cluster analyses conducted to derive the
classification scheme in the following sub-sections.
7.4.3.1 Classification scheme
The classification scheme was derived based on the results of several (consecutive) cluster
analyses of the complete current graph data set of switch 3076 as well as sub-data sets of it.
The classification scheme and analysis workflow is illustrated in Figure 7.30.
The explorative data analysis was done for both directions of switch movement, with several
stages of clustering, starting with the complete data set of each direction (clustering stage
1). From the first stage cluster analysis a criterion (duration of switch movement) to separate
failing or excessive abnormal switch movements (the ‘odd’ ones) from the date set was
identified and parameterized. These are the current-graphs which are typically identified by
human analysts as ‘not normal’. In a second stage the remaining current graphs were
clustered and analysed again to gain further insight into the data set. Based on this second
cluster analysis, in order to separate switch movements which need careful attention, two
criteria (area and median) were identified and parameterized. In this way a current graph
can be easily assigned to one of three classes (fail/abnormal, needs attention, ok). The
remaining current graphs (classified as ‘ok’) are identified as ‘normal’ by human analysts.
Therefore, the achieved classification scheme is capable of replacing the current visual
analysis of current graphs by an analyst with an automatic procedure. For all three classes
(fail/attention/ok) now further cluster analyses in combination with domain knowledge have
to be conducted to obtain further insight and to retrieve knowledge about the underlying
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causes (fail and needs attention) as well as emerging defects (ok). Furthermore, the derived
classification can be used to train supervised learning approaches for forecasting.
Complete dataset
Switch 3076

Direction 1

Split 1
Criterion duration

Direction 0

Derived from first
stage cluster
analysis

1) Fail/abnormal

Split 2
Criteria area and
median

Cluster analysis to
identify defect

Derived from
second stage
cluster analysis

2) Attention

Cluster analysis to
identify cause and
evaluate urgency

3) OK

Cluster analysis to detect
emerging malfunctions
(base for forecasting)

Needs attention

Good condition

Figure 7.30: Multi-criteria multi-stage classification scheme (blue boxes) derived by a multi-stage explorative
cluster analysis (orange boxes). Further ongoing cluster analyses (grey) will provide the criteria to retrieve
further information about the existent defects (failed/abnormal movements), possible existent defects
(Attention) and possibly emerging defects (OK). The analysis was done for both directions of switch
movement
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7.4.3.2 General characteristics of current graphs
For switch 3076 the provided data set includes 12,674 switch movements for the recording
period from 01-January-2013 until 31-December-2015. For the recording period 12 failures
in terms of incidents reported by the operators are documented. But it has to be kept in
mind that these are just the recorded malfunctions and more malfunctions could be present
in the dataset which might have been fixed without reporting or were only temporary and
therefore not reported by the operators to Strukton.
For a first insight to the data the distribution of the measured current values of a single
current graph is analyzed. Figure 7.31 displays the characteristic behavior of the current
graph for a switch movement (left) and the distribution (histogram) of the current values
(right). The typical distribution is essential to understand variations of the calculated time
series features as some of them have statistical origin like kurtosis or skewness.

Figure 7.31: Left: Characteristic current graph of a single switch movement. A normal movement usually
takes between 1.4 seconds to 2 seconds and has the starting peak followed by a plateau before the
current drops. Right: Histogram of the current values of the switch movement current graph on the left

As shown in Figure 7.30 the first step in the workflow is to separate the database in the
different directions to be able to analyse them separately since the current graph of each
direction has some notable characteristics as depicted in Figure 7.32. The differences occur
especially after 0.4 s of blade movement and the highest deviations are between 1.2 s and
1.6 s in the locking phase of blade movement.
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Figure 7.32: Mean current graphs in direction 1 (red) and direction 0 (blue) with the belonging positive and
negative standard deviation

In the following the current graphs for switch 3076 are presented and discussed with 3D
visualizations. Figure 7.33 and Figure 7.34 show all current graphs contained in the dataset
for switch 3076 and clearly reveal the presence of some abnormal switch movements (as
identified by trained analysts). To be able to evaluate the clustering results obtained as well
as the data provided on reported incidents and repair/maintenance actions a manual visual
analysis of the complete data set of switch 3076 was conducted to clearly identify ‘abnormal’
current graphs. The remaining current graphs are shown in Figure 7.35 and Figure 7.36.
Comparing the results of the manual inspection with the switch movements automatically
identified due to documented repair times and reported incidents revealed that not all
clearly abnormal current graphs are within the reported repair times or related to a reported
incident.
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Figure 7.33: Switch movements in Direction 1
including all available switch movements

Figure 7.34: Switch movements in Direction 0
including all available switch movements

Figure 7.35: Repair and curious removed for
Direction 1

Figure 7.36: Repair and curious removed for
Direction 0

Considering the manually cleaned data set in Figure 7.35 and Figure 7.36, the data set only
contains the current graphs indicating that the blades were in a locked position within
reasonable time, but there is still some variance remaining. This is obvious when inspecting
the varying drop of the current almost before the end of the current graphs between
seconds 1.3 to 1.6.
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Furthermore, the peak amplitudes of the ‘normal’ current graphs around 0.2 seconds show
periodic variations (Figure 7.35 and Figure 7.36). These and other remaining variations
within the current graphs have to be further analyzed to distinguish between ‘normal’
variations (e. g. due to temperature) and degradation of the switch or parts of it.
7.4.3.3 Feature extraction
For data transformation the features of the current graphs are calculated. The features used
are the length (number of sample points contained for one movement), the area under the
current graph, the temperature, a peak to peak value (calculating the distance from the
highest to the lowest current value), the median of the current graph as well as the mean
value, the skewness, the kurtosis, the quantiles for 25% and 75%, the minimum and
maximum value. The advantage of using features as described in Section 7.4.2.2 page 98 is
the characteristics of the current graphs are comparable despite different lengths. The
calculated features build the basis for the following clustering.
7.4.3.4 Clustering: First stage
As depicted in Figure 7.30 a first clustering by K-means was done with four clusters. A
clustering with four clusters showed a very good separation of a small number of current
graphs clearly separated from the main body of current graphs. The results for the clustering
in each direction are shown in Figure 7.37, Figure 7.38, Figure 7.40 and Figure 7.41. For the
dataset in direction 1 in Figure 7.37 and Figure 7.38 it can be clearly seen that cluster 2 (17
current graphs) and cluster 3 (45 current graphs) contain just few switch movements which
can be clearly separated from the remaining current graphs clustered in the significantly
larger clusters 1 and 4.
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Figure 7.38: Histogram of the number of current
graphs within each cluster for the clustering with
four clusters of the full dataset of switch 3076 in
direction 1

Figure 7.39 shows the current graphs of direction 1 in the clusters 2 (left) and 3 (right). All
current graphs indicate an abnormal duration of the switch movement (for this type of
switch) longer than about 2 s. POSS®-stops recording after 20 seconds. It can be assumed
that a switch after 20 seconds of powered switch engine is not able to get the blades into a
locked end position. In many cases this also can be checked, due a shorter movement in
opposite direction after this one. In cluster 2 all current graphs drop to zero before 18
seconds, which indicates that either the switch, with lots difficulties, eventually got into the
end and locked position, or the switch did not finished its movement. Most of the times,
after a few retries, switch eventually gets into the locked position. These are malfunctions of
the switch which are very often not reported by the operators. As a major difference, the
majority of current graphs clustered in cluster 3 did not drop to zero before 20 second. In
these cases the switch blades were not in a locked end position.
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Figure 7.39: Switch movements of cluster 2 (left) and cluster 3 (right) after the first clustering of the
complete dataset with four clusters in direction 1

Regarding the clustering for direction 0 in Figure 7.40 and Figure 7.41 cluster 4 is clearly
separated from the other clusters and therefore indicates an anomalous characteristic of the
containing current graphs. The current graphs in direction 0 clustered in cluster 4 (see Figure
7.42) indicate attempts for a switch movement which are shorter than 0.6 s which is
abnormal for this switch type.

Figure 7.40: Clustering of dataset of Switch 3076
with all available sample points using k-means with
4 clusters in direction 0

Figure 7.41: Bar plot with the number of switch
movements included within each cluster resulted by
the clustering with 4 clusters of dataset with all
sample points included of Switch 3076 direction 1

A majority of the 284 current graphs in cluster 4 belong to one reported incident in February
2014 when a defect contact finger disrupted the circuit of the lock detection. The switch
moved into the end position and locked mechanically, but the locking was not signalized to
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the computer system operating the switch. As a result, the system tried to move the
switchblade which already were in the end position and locked. This lasted several minutes
creating a large amount of registered current graphs showing only the inrush current and
dropping to zero after about 0.18 seconds (see Figure 7.42).

Figure 7.42: Switch movements of cluster 4 after the first clustering of the full data set with 4 clusters in
Direction 0

The results of the first stage clustering show that current graphs which are identified as
‘abnormal’ by a trained analyst can be clearly and automatically separated and classified
with the used feature set. With this insight the duration of the switch movement derived
from the current graphs is chosen as the first criterion to further subdivide (split) the data
set (first split in the workflow shown in Figure 7.30 on page 100). The switch movements
shorter than 1s and longer than 2s are classified as “failed/abnormal”. Nevertheless, several
other features show also clear deviations indicating the failed and abnormal switch
movements and could be also utilized to obtain the first classification step with more than
one criterion. This might become necessary for other switch types (e. g. combined switches
with two motors).
7.4.3.5 Clustering: Second stage
After the first split (removing the switch movements with a length shorter than 1 second and
longer than 2 seconds) the new data set with the remaining current graphs is used for the
second stage of cluster analysis (Figure 7.30 on page 100). For this cluster analysis six
clusters are used since the variations of the current graphs are significantly smaller / less
obvious.
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Figure 7.44: Bar plot with the number of switch
movements included within each cluster resulted
by the clustering with 6 clusters of Switch 3076
direction 1 after the first split criterion

The clustering result for direction 1 (Figure 7.43 and Figure 7.44) reflects this by six
comparably large clusters with each containing at least 500 current graphs. The 2D
visualization of the clusters in Figure 7.43 reveals a very small number of single current
graphs assigned to cluster 2 and cluster 6 which are clearly separated from the main body of
current graphs. A similar but more pronounced situation is observed with the clustering
result of direction 0 (Figure 7.45 and Figure 7.46) with some specific current graphs assigned
to cluster 4 and cluster 5. It can be derived from this result that further criteria have to be
defined to identify these specific current graphs to draw attention to them. Furthermore, we
observe the majority of the current graphs to be ‘normal’ but exhibit differences in detail.
Next steps of data analysis are to quantify the remaining variations and to identify the
underlying causes to distinguish between ‘normal’ variations (e. g. due to temperature) from
variations due to degradation or emerging malfunctions.
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Figure 7.46: Bar plot with the number of switch
movements included within each cluster resulted by
the clustering with 6 clusters of Switch 3076
direction 0 after the first split criterion

In Figure 7.47 the current graphs in direction 1 of cluster 2 (left) and cluster 6 (right) are
shown. In cluster 2 some current graphs with clear variations from the average are observed.
Considered for its own a trained analyst would not classify a current graph of this shape as
‘abnormal’. Nevertheless, in comparison to the remaining current graphs a further detailed
analysis is necessary to identify the cause for the deviation and suitable features to capture
this specific type of current graph deviation have to be identified.
In Figure 7.48 the current graphs in direction 0 of cluster 4 (left) and cluster 5 (right) are
shown. Cluster 4 contains few current graphs which clearly exhibit an abnormal behaviour
indication a major problem during switch movement. These current graphs which are missed
by the first classification step have to be indicated as current graphs which need further
detailed attention on a short glance. In comparison cluster 5 contains some current graphs
which indicate a comparable short time for total switch movement. These current graphs are
classified as ‘normal’ by an analyst but indicate that the current graphs classified as ‘OK’
have to be further analyzed to detect minor deviations maybe indicating emerging
malfunctions.

GA 635900

Page 109 of 232

In2Rail

Deliverable D9.3
Nowcasting methodologies

Figure 7.47: Switch movements of cluster 2 (left) and cluster 6 (right) after the second clustering of the
dataset without failed/abnormal switch movements with six clusters in direction 1

Figure 7.48: Switch movements of cluster 4 (left) and cluster 5 (right) after the second clustering of the
dataset without failed/abnormal switch movements with six clusters in direction 0

Based on a statistical analysis of the extracted features (Figure 7.49) the area under the
curve and the median current were identified as suitable features/criteria to classify the
specific current graphs as found in cluster 2 for direction 0 as current graphs which need
detailed attention. Current graphs with an area larger than 250 and a median larger than 4
are therefore classified in the ‘attention’ class (see Figure 7.30).
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Figure 7.49: Boxplot analysis of the features area (left), Temperature (middle) and median (right) for the six
clusters in direction 0 for the second clustering of the dataset without failed/abnormal switch movements.
Within the box plots outliers are indicated by dots, the median value is indicated by a black line. The boxes
contain 50% of the values, the dashed lines show the range (minimum to maximum value) excluding the
outliers.

The statistical analysis of the features for the current graphs within the clusters confirmed
once more the well-known relationship between temperature and consumed power (Figure
7.49 left vs. middle) for this switch type. At colder temperatures it is harder to move the
blades as they do not glide as freely therefore more power is consumed. This is illustrated by
the reversed pattern of the median values for the features area (Figure 7.49, left) and
temperature (middle) for the six clusters. Clusters with current graphs measured at in
average higher temperature (e.g. clusters 5 and 6) exhibit a smaller area under the curve
(less consumed power) and vice versa. From the clustering result it can be concluded that
the effect of the temperature on the current graphs is comparable to or stronger than the
deviations caused by degrading condition in an early stage. Therefore, further analyses
supported by domain knowledge are necessary to clearly separate deviations of the current
graphs caused by temperature from the deviations due to degradation.

Figure 7.50: Boxplot analysis of the features area (left), Temperature (middle) and median (right) for the six
clusters in direction 1 for the second clustering of the dataset without failed/abnormal switch movements

To include the temperature influence several approaches are available such as purely datadriven statistical models (e. g. statistical process control) including corresponding features or
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a support of the data-driven data analysis by a physical model to remove the temperature
drift (hybrid approach).
A validation of the presented workflow will be done using the available data of the 18
switches with the same construction type. These further results will be presented in D9.5.
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7.5 Scenario by NR
This section reports how the scenario proposed by NR (described in Section 6.7, page 51,
and more in details in Appendix B – Section 11.2, page 160), referring to the study of the
official delay attributions based on train movements data, has been tackled in the context of
In2Rail WP9. In particular, the main idea behind this scenario is that it should be possible to
exploit the historical datasets of past train movements and of past delay attribution to
extract delay patterns from the former and to correlate them with the official delay
attributions from the latter. More information will be recalled in the next section.
Section 7.5.1 describes the steps that led to the decision of rethinking the proposed
approach from a different perspective, and introduces the new proposed solution and its
objective. Section 7.5.2 fully describes the final implemented approach that gave the best
results during tests. Finally, Section 7.5.3 shows the preliminary results for this scenario.
7.5.1 Problem Formalization
As described in Section 6.7, the objective of this scenario is to nowcast and forecast the
causes of a set of delays by analysing historical records about the positions and delays of
trains all over a railway network, and by correlating them with “Delay Attributions”, i.e.
records of attributed delay responsibilities generated by the experts of the Delay Attribution
Board (DAB). In this way, it should be possible to detect, or even predict, the official
attributed causes of delays in advance with respect to the official attribution. Clearly,
although the final decision should always be taken by humans and not by an algorithm, this
scenario intends to assess the possibility to provide a decision support tool that could reduce
the time needed to get to the final attribution.
In the context of this scenario, a large amount of the work done has been referred to finding
the right way to extract, transform, correlate and reformat data into matrices that can be
provided to the machine learning algorithms in order to build data-driven models. Indeed, it
has been necessary to repeat this step several times in order to find the best feasible
solution. Firstly, the contents of the two available datasets (i.e. train movements and
historical attribution reports datasets) have been carefully studied, and subsequently several
strategies and solutions have been designed and prototyped. As it will be described further,
this process even led to a fundamental change in the objectives of this analysis due to the
fact that data was not designed to be exploited for this kind of task.
The first idea that has been pursued in order to achieve the main objective of this scenario
started with taking a particular incident in time (i.e. the record of an incident in the historic
delay attribution) and the train movements occurred during a time window of variable
length in the past with respect to that particular incident. The goal was to nowcast the
reason code of the considered incident by analysing train movements patterns, as depicted
in Figure 7.51.
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Figure 7.51: First methodology proposed for NR nowcasting scenario

However, this methodology could not be applied for some fundamental problems in the
historic delay attribution dataset. Firstly, the main assumption on which this method relied
was that incidents could be defined into a limited time window by looking at a single historic
delay attribution record. Unfortunately, incidents reported in the Delay Attribution process
can span over large amounts of time, and therefore many historic delay attribution records
are cross-correlated. A possible solution for overcoming this issue referred to the
identification of a start point and of an end point for the effects of a particular incident
causing delays to trains by looking at multiple records together. However, the delay
attribution reports do not specifically include this information: for example, considering a
malfunctioning switch causing delays during railways operations, it is not possible to retrieve
from the reports when the switch function had been actually restored. Consequently,
incidents could span even outside the boundaries of the available historical data, making
impossible to clearly define their window of effect.
Generally, the data exploited for this scenario was very noisy, and included a lot of gaps and
inconsistencies that had to be managed. Although the train movements dataset, which
included four months of records related to all the scheduled and actual train movements on
the LNE route in England, was easier to understand with respect to the other one, some
major problems arose. For instance, the relationship between one record and the others is
straightforward: for example, records referring to the same Train ID and the same day
usually formed together the history of the journey of a train, although some rare exceptions
have been found (e.g. two different journeys scheduled for the same Train ID on a single
day). However, during the analysis it has been noticed that trains associated with the same
Train ID performed completely different daily journeys, meaning that the code was shared
among different trains. In particular, the LNE line resulted to be too complex and utilized by
a lot of freight trains. Therefore, the data related to those trains could not be used in order
to perform a statistical analysis based on the Train ID and the related data, because these
inconsistencies would have produced a meaningless dataset to be analysed with machine
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learning algorithms. Unfortunately, the number of these trains was too high to be managed
with the first methodology, which considered all the trains travelling on the railway network.

Figure 7.52: Input and output matrices

For these reasons, it has been decided to completely change the problem approach. An
analysis of the problem has been carried out from scratch, taking into account the
aforementioned difficulties with data. As a result of this new analysis, the four matrices
depicted in Figure 7.52 have been built, three of which the data are used as inputs of the
data-driven models, and the last one as outputs. Each row includes data related to one hour,
which means that for each day included in the datasets there are 24 rows in these matrices.
The columns of the three input matrices are related to a limited set of trains (identified by
their Train IDs) selected as the most present on the railway line under examination (i.e. the
LNE). These matrices are described by the following list:


Transits – the Transits matrix contains only two possible values, namely 0 and 1. If
there is at least one train movement record for a particular train in a specific hour in
the train movements dataset, then the corresponding cell is populated with a 1, with
a 0 otherwise.



Movements – the cells of the Movements matrix contain the number of train
movements records included in the train movements dataset for a particular train in
a specific hour.



Delays – the Delays matrix stores in its cells the sums of the delays by train and by
hour.

The columns of the output matrix refer to a set of 49 selected Incident Reason (i.e. cause of
a series of delay) types related to Infrastructure and Operational problems, which are the
most interesting from an Infrastructure Manager point of view (as NR is). Possible incident
reasons belonging to these two categories include “Track circuit failure”, “Points failure”,
“Signaler, including wrong routing and wrong ETCS/ERTMS instruction”, “Track defects”, and
the like. This matrix is described here below:
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Incident Reasons – the matrix related to Incident Reasons include, for each of the
selected incident reason types, and for each hour, the number of incidents of that
type occurred.

By exploiting the information content included in the matrices described above, the best
data-driven solution that has been proposed aims at nowcasting the number of incidents of
a particular Incident Reason type in a particular hour. In particular, by looking at the past
train movements information included in the input matrices, and at the number of past
incidents detected, the goal is to nowcast the number of incidents of each of the 49 selected
types currently active by taking into account the current situation of the trains travelling on
the railway network. Therefore, the proposed data-driven modelling approach solves the
problem of nowcasting the number of incidents of a particular Incident Reason type in a
particular hour as a time series forecast problem, where the goal is to predict the future
output given the current and all (or the most recent part of) the past input/output pairs. As
discussed in the previous chapter, time series forecasting problems can be mapped to a
multivariate regression problem, therefore algorithms from Section 5.2.1.2 (page 28) will be
considered.
The next section further describes this solution. Unfortunately, as it will be shown later, the
results for this scenario are not as satisfactory as expected.
7.5.2 Proposed Solution
As already stated in the previous section, the problem of nowcasting the number of
incidents of a particular Incident Reason type in a particular hour can be mapped to a
multivariate regression problem [315] [316] [317] [318]. In particular, the problem includes
multiple variable of interest (i.e. the number of incidents for each of the selected Incident
Reason types) and other possible correlated variables (e.g. number of train movements of a
particular train in a specific hour, etc.). The goal is to find a solution able to model the link
between the variables of interest, their past values (i.e. their history), and the other
correlated variables. Therefore, the problem is tackled with regression analysis tools.
Figure 7.53 shows a graphical representation of the mapping of the nowcasting problem
described above into a multivariate regression problem, where the matrices are as described
in the previous section and depicted in Figure 7.52. In this picture, the elements included in
the green rectangles represent the information available at a particular time t, while the red
rectangle encloses the values that have to be nowcasted at time t. The amount of historical
data included in the values to be considered for nowcasting purposes at time t is controlled
by the parameter . This parameter directly regulates the number of samples that have to
be considered as representative of the “history” of both train movements and incidents
occurred. In order to set the
instant of Figure 7.53 in the best possible way, the
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parameter has been included in the list of model parameters to be tuned through crossvalidation (as described in Section 5.3, page 29).

Figure 7.53: Mapping into a multivariate regression problem

The proposed modelling approach is based on a set of data-driven models that, working
together, allow nowcasting the complete set of number of incidents for each of the 49
different Incident Reason types. In particular, 49 different values have to be nowcasted for
each new hour for which data is available in the dataset (i.e. for each new row of the
matrices). In order to nowcast the 49 different quantities, 49 data-driven models have to be
built.
Kernel Regularized Least Squares (KRLS) [319] [320] [321], a state-of-the-art machine
learning algorithm belonging to the family of kernel methods (see Section 5.2.1.1), has been
exploited. This algorithm has already been described briefly in Section 7.1.2.
7.5.3 Preliminary Results
This section describes the laboratory tests and simulations performed in order to retrieve
the preliminary results for the nowcasting of the number of incidents of a particular Incident
Reason type in a specific hour.
The results for this scenario are not as satisfactory as expected, mainly because of the
problems related to the data described in Section 7.5.1. Moreover, since data was not
designed be exploited for this kind of task, the objective of the scenario had to be changed
during its study and development. This process led to some important compromises that,
unfortunately, undermined the final proposed solution, which might be practically useless to
an Infrastructure Manager. Anyway, it is worth describing the work done and the results
achieved, and underlining the lessons learnt in the context of this analysis.
Following the approach described in the previous sections, a set of data-driven models have
been built, and a set of simulations have been performed. The general idea guiding
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simulations for building and assessing the performance of data-driven models is to partition
the available data into two different subsets called training and test set (see Section 5.3,
page 29, for more details). The former is exploited to build models, while the latter is used
for performance evaluation. In this way, it is also possible to tune the parameters of the
data-driven models to optimize their predictive capabilities, therefore the optimization of
the parameter has been carried out through this methodology.
Some examples of the results of the simulations are depicted in Figure 7.54 and Figure 7.55.
The first graph relates to the nowcasting of the number of incidents of type “IV” in a specific
hour, while the second one related to incidents of type “IS”. These scatter plots (called “True
(Actual) values vs Predicted values scatter plots”) show the relationship between
estimates/predictions outputted by a data-driven model and the actual values to be
predicted. Considering that the goal of a data-driven model is to output
estimates/predictions that are “closer” to the values to be estimated/predicted, ideally, all
the points included in the graph should be close to the diagonal line of equation
(i.e.
actual values = predicted values), depicted in red in both the figures. The closer are the
points to this diagonal line, the better the performance of the model under examination. The
more “foggy” or dispersed the points are (i.e. away from the diagonal line), the weaker the
goodness of fit of the model.
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Figure 7.54: Preliminary results for Earthslip – Incident Reason Code “IV”
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Figure 7.55: Preliminary results for Track Defects – Incident Reason Code “IS”

It is worth noting that the true values of number of incident are represented as integer,
therefore the blue points on the graphs are all aligned on the straight lines of equation
and the like, while the responses of the data-driven models are real values.
These types of graphs are usually exploited in order to visualize and inspect the results of
regression analysis, and represent some of the richest form of data visualization. Indeed,
from these graphs it is clear that the data-driven models are not performing well on this
task, since most of the blue points reside far from the red diagonal line. Moreover, the
models are biased over the lower left corner of the graphs because the majority of the
simulation trials performed has as a true response of 0 incidents occurred. Therefore, the
models are more inclined to estimate that no problem is occurring in the railway network so
to have better chances to guess right, which is obviously a bad indication over their
performance.
The only positive observation related to these graphs is that there is actually a trend in data,
which is somehow captured by the data-driven models. Indeed, the blue points in the graph
tend to follow the red diagonal line, but the information content and the quality of data are
too limited in order to have good results. In other words, with the available data it is only
possible to build data-driven models which are slightly better than random models (i.e.
guessing all the times without considering the data).
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To sum up, the quality of the results are influenced by the following factors:


Data quality problems and incomplete data (i.e. gaps).



Complexity of incidents and hidden introduced simplifications in historical delay
attribution data. For this reason, it is not easy (sometimes impossible) to reconstruct
the complete incident history from data.



Data inconsistencies, such as Train IDs that are shared among different trains
following different journeys, which imposes severe limitations to the automatic
management of train movements data.

Therefore, the main conclusion is that the current data set related to the LNE English
network is of too low quality to continue with further data analysis. A possible next step,
which will be assessed in the rest of the project, is to find a simpler area of the GB rail
network to see if results can improve. Alternatively, it would be possible to enhance the
results by integrating the available datasets with other information that has not been taken
into account during this project. Last but not least, the most important lesson learnt from
this scenario is that data quality is a key factor to get good results from analytics.
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8 Conclusions
This document represents the final report for part of the activities undertaken in the first
task of WP9, T9.1 “Asset status nowcasting for TMS/dispatching system”, concluding at
month 24 of the project. Together with Deliverable 9.1 – “Asset status representation”, and
Deliverable 9.2 – “Data/Information Management System architecture design”, the
Deliverable 9.3 – “Nowcasting methodologies” terminates the activities of T9.1 with the
development of nowcasting methodologies for the estimation of the status of a selected
range of infrastructure railway assets playing a key role for TMS/maintenance.
The scope of this deliverable was to summarize the results of the work done in order to
study, design and develop a set of nowcasting approaches aiming at extracting an indication
of the current asset status of infrastructure railway assets from data related to their
functional behaviour. This analysis has been carried out on the basis of a number of usecases defined in collaboration with all the partners involved in the In2Rail WP9, which
described the considered assets (among a set of selected ones in the context of In2Rail WP8
and WP9), the objectives of the analysis, the benefits of having such an asset status available
for TMS/maintenance decision-making, and the available data sources. The study has also
been complemented with a state-of-the-art analysis resulting in the agreement over a new
definition of nowcasting for the railway sector.
As an output of all these activities, the WP9 partners have designed a set of methodologies
based on data-driven approaches that provide nowcasts and forecasts of the status of the
considered assets. It is worth pointing out that this document contains the description of
each of the seven nowcasting and forecasting scenarios, but it only includes the explanation
about the proposed nowcasting methodologies, i.e. for the following five scenarios:
1. Train delay nowcasting using train movements records and weather exogenous data
(proposed by RFI);
2. Derailment risk assessment through wheel-rail contact forces nowcasting (proposed by
UPORTO, IP, EVOLEO and ViF);
3. Nowcasting of Switch & Crossing probability of failure (proposed by TRV and LTU);
4. Switch & Crossing asset status nowcasting (proposed by SR and DLR);
5. Nowcasting of delay attributions based on train movements records (proposed by NR).
The preliminary results achieved through laboratory testing are promising for each of the
aforementioned scenarios, except for the scenario proposed by NR. Problems related to the
quality of the available data undermined the proper development of a methodology that
could be useful for TMS/maintenance decision-making. However, the results of the
remaining four scenarios clearly show the possibilities associated with the successful
adoption of data-driven methodologies for asset management purposes in the railway sector.
A brief description of the results and the proposed nowcasting methodologies is provided in
Table 8.1.
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Proposed nowcasting approach

Nowcasting the delay affecting a
particular train at the subsequent
station included in its daily journey, by
exploiting historical information about
Train delay the train movements and about the
nowcasting weather in the considered area. The
proposed modelling approach is based
(RFI)
on a set of data-driven models that,
working together, make possible to
perform a regression analysis on the
past delay profiles and consequently to
predict the future ones.
By accurately estimating the wheel-rail
lateral and vertical contact forces acting
on a running train, it is possible to use
them as indicators of running safety for
the assessment of the derailment risk
through the European Standard CSN EN
Derailment 14363 (2016) [266]. The main idea it to
substitute the available physical whiterisk
nowcasting box model of the Alfa Pendular train
with a set of data-driven models based
(UPORTO, on information about the train, the
IP, EVOLEO track irregularities and layout, and the
and ViF)
data related to wind speed and
direction. These models perform a
multivariate regression analysis to
predict the forces that will act on the
Alfa Pendular train for the next 25cm
track chunk with respect to the one
currently occupied by the train.
Based on data contained in TRV asset
register and interlocking systems, and
based on failures, track geometry,
weather, maintenance, and traffic
information, it is possible to analyse and
Nowcastin find the statistical insights and
g of S&C
behaviour of S&Cs. From the available
probability data, the nowcasting of a specific S&C in
of failure a track section can be found out by
(TRV and using data driven methods using
reliability modelling. To obtain the
LTU)
probability of failure, a nonhomogenous Poisson process (NHPP)
was used to predict the nowcasting.
Moreover, the Weibull distribution
(Power Law) with Maximum Likelihood
Estimation (MLE) is exploited.
Switch &
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Concise outcome of the nowcasting
analysis
The proposed solution improves the state of
the art methodologies which rely on static
rules built by experts of the railway
infrastructure and are based on classical
univariate statistics. Results on real world
train movements data (provided by RFI) and
weather data (retrieved from the Italian
weather service) show that advanced
analytics approaches can perform up to
twice as good. The weather information has
a positive impact to the performance of the
data-driven models.
During preliminary laboratory tests the
developed method has proved very
successful and the results are very
promising. The results show that it is
possible to substitute physical models with
data-driven ones in order to nowcast the
lateral (Y) and vertical (Q) wheel-rail contact
forces separately, and the developed
methodology produces models with high
predictive performance at a high accuracy
level. On the contrary, the analysis stated
that it is not possible to accurately
estimate/predict the Y/Q ratio of forces in a
direct way, instead it is better to compute it
as a result of the ratio of the nowcasts of Y
and Q forces.
Based on the available data and on the
proposed methodology, it has been possible
to find the dominant failure modes, causes,
actions and interdependencies of failures,
and therefore some indications for the time
to restoration have been extracted. The
probabilities of failure of each of the S&Cs in
the considered line were also reported. TMS
can consider these values to check the
status of each S&C and the present/future
maintenance action to dispatch the train to
the
particular
route.
Maintenance
managers, instead, can use this information
to detect the S&C that can disrupt the most
traffic among the ones with the highest
probability of failure, in order to take
immediate actions.

The proposed approach considers how Based on the analysis results, a multi-criteria
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Scenario

Proposed nowcasting approach

Crossing
asset
status
nowcasting

to tackle and analyse the current graphs
of the switch engines by extracting time
series
features
and
applying
unsupervised learning techniques. One
of the main goals is to identify groups
(clusters) of similar current graphs in
the unlabelled data set. The main steps
of the explorative data analysis are preprocessing,
data
transformation
(feature extraction) and clustering
followed by the in-depth interpretation
using domain knowledge. Based on this
new in-depth knowledge the criteria for
a traceable automatic multi-criteria
multi-stage classification of the current
graphs based on the feature set can be
defined and easily implemented.

(SR and
DLR)

Nowcastin
g of delay
attribution
s
(NR)

A fundamental change in the objectives
of this analysis has been necessary due
to the fact that data was not designed
be exploited for such a task. Several
strategies / solutions have been
designed and prototyped, and the best
data-driven solution that has been
proposed aims at nowcasting the
number of incidents of a particular
Incident Reason type in a particular
hour. By looking at the past train
movements information, and at the
number of past incidents detected, the
goal is to nowcast the number of
incidents of a set of selected types
currently active by taking into account
the current situation of the trains
travelling on the railway network.

Concise outcome of the nowcasting
analysis
multi-stage classification scheme was set up
to obtain condition information for every
current graph. In particular, the current
graphs related to the switch under
examination have been divided into three
different categories (i.e. fail, attention, and
ok)
through
the
combination
of
unsupervised clustering techniques and a
set of rules built from experts’ knowledge.
The achieved classification scheme will be
further extended and is capable of replacing
visual analysis of current graphs performed
by analysts with an automated procedure.
Furthermore, the derived classification can
be used to train supervised learning
approaches for forecasting.
The results for this scenario are not as
satisfactory as expected, mainly because of
the problems related to data quality and
incompleteness. The complexity of incidents
data, and the inconsistencies contained in
data related to train movements,
undermined the final proposed solution,
which is hardly useful for TMS/maintenance
decision-making. A positive observation is
that there is actually a trend in data, which
is somehow captured by the data-driven
models, but the information content and
the quality of data are too limited to have
good results. Eventually, by finding a simpler
area of the GB rail network or by integrating
the available datasets with other
information that has not been taken into
account during this project, it might be
possible to enhance the achieved results.

Table 8.1: Concise nowcasting results

The results of this work will help in improving safety and security (e.g. predicting asset
failures and acting before they cause incidents), minimizing costs (e.g. minimizing Life Cycle
Costs for assets), reducing journey times and expanding service capacity (e.g. increasing
overall trains speed by reducing undesired operational problems), and enhancing service
quality (e.g. providing real-time information and maximizing reliability and availability of
assets).
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At the time of writing this deliverable, most of the forecasting methodologies are under
development and in good progress. It is worth underlining that forecasting approaches are
inherently similar to the nowcasting ones, due to the flexibility of the data-driven
methodologies. In any case, differences in the two approaches exist, which will be described
in details in the following Deliverable 9.4 – “Asset status forecasting and feature selection
methodologies”, together with the approach developed for the scenario proposed by SR and
UNIGE about the prediction of time to restoration for different assets and different
failures/malfunctions based on maintenance/repair reports.
The final validation of the preliminary results included in this deliverable will be carried out
by the end of the In2Rail project (i.e. month 36) and will be described in the Deliverable 9.5 –
“Nowcasting and Forecasting algorithms verification, evaluation and assessment report”.
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10 Appendix A – Nowcasting state-of-the-art for Railway
Assets
In this section, we present a review of the State-of-the-Art (SoA) of nowcasting
methodologies for railway assets, according to the definition of nowcasting given in Section
3.6. As already noticed, the term “nowcasting” is rarely used in literature; consequently, this
literature review is concentrated on looking for all the methodologies and tools able to build
a model of a comprehensive set of the most important railway assets that could be used in
order to assess their current functional status. In fact, many railway assets have been
already studied intensively from different perspectives, consequently many publications and
documents have been produced. This large literature has been exploited as inspiration and
as starting point for all the research efforts on nowcasting in In2Rail.
This section presents the result of our SoA review on a per-asset basis, showing all the
retrieved works about modelling a particular asset or a group of similar assets (e.g.
geotechnical structures). For each asset, a selection of possible problems to be monitored or
modelled as well as works related to these topics are presented.

10.1 Tracks and Rails
Tracks and rails are obviously the fundamental elements of railways and a large amount of
works are related to these assets. The main problems that must be faced during the rails
lifetime refer to track geometry and profile degradations [37][36], track intervals monitoring
[38], track irregularities and fractures [39] [40], track realignment [41], and track lubrication
[42].
Literature includes several possible kind of models, i.e. white [43] [44], grey [45] and black
box [46] models from both mechanistic and data-driven perspectives. It is important to
underline that, especially for physical models, most of them aim at modelling complex
systems composed of several elements [47] such as tracks, sleepers, fasteners and subgrade
elements (such as the ballast). For instance, a set of papers included in our review are
related to finite element models [48] [49] [50] [51] of the rail system developed in order to
perform a vibration analysis of tracks and all the related elements (e.g. ground, bridges,
tunnels, etc.) [52] [53].
Many of the research articles encountered investigate the track geometry or top defects
from many different aspects. For example, some exploit image processing techniques [54]
eventually combined with state-of-the-art machine learning algorithms (e.g. Deep Neural
Networks) [55] [56]. Others make use of vibrations and other measurements from sensors
either attached directly to the rails [57] [58] [59] or installed on-board in-service railway
vehicles [60] [61] [62] [63] [64].
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Other works developed statistical models on interesting topics [65] [66], for example models
for track irregularities predictions by exploiting famous statistical mapping methodologies
such as Markov chains [67] and random fields models [68]. Some of these statistical models
have been developed in order to deal naturally with uncertainties [69].
Fatigue and stresses of rails, as well as vibrations, in particular in presence of loads like
vehicles running over the tracks with the associated rolling contacts between wheels and
rails, are also part of the research topics found during our review [70] [71]. Again, finite
element models able to express the behaviour of the asset from the mechanistic perspective
are used.
10.1.1 Joining Systems
In this section, we refer to Joining Systems as the set of assets used in order to join two
different rails together. For this reason, we include in this section both traditional joints and
welded joints. Although the latter are becoming more and more common because of their
lower maintenance costs and durability, traditional joints are still used in some cases (such
as in presence of switches), so we do not exclude them from our literature review.
The research articles, which have been considered during the review, mainly investigates
traditional joints models based on the finite element methodology. For instance, finite
element models have been studied for two different categories of problems:


Failure and fatigue models for rail joints defects [72] [73] [74] [75];



Contact-impact models for the interaction between wheels and railway joints [76]
[77] [78] [79].

Moreover, a general finite element model for rail joints have been developed in [80] in order
to estimate the fatigue life of railroad joint bars.
Welded joints, instead, have been studied from a number of different points of view since
they can be affected by a range of problems concerning thermal stresses [81] (leading for
example to track buckling), residual forces stresses [82] [83] [84], wheel-contact related
stresses [85] [86] [87], and welds quality [88].
The literature review also revealed that fatigue and crack models have been already studied
for different case studies [89] [90] [91].
All the listed analysis has been carried out by the usage of finite element models based on
the mechanistic characteristics of welded joints for rails and their interaction with the entire
rail system. For example, the interaction between welded rails and railway bridges have
been investigated in [92]. A general model finite element model for the estimation of service
life of aged continuous welded rail have been developed in [93].
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Additionally, it is important to highlight that welds have been generally studied outside the
railway field since they represent a fundamental joining method for steel and, more in
general, for metal structures. Many research publications can be found on fatigue analysis
and damages of general welded joints based on physical studies [94] [95] [96].
10.1.2 Fasteners
The fastener is a major part of the railway that fastens the tracks to the ground. For this
reason, this literature review contains a number of references concerning both the
modelling and the fault detection of this fundamental asset.
A conspicuous number of publications relate to the usage of image processing techniques,
which are able to detect the absence of fasteners on the tracks [97] [98] [99] [100] and
eventually to classify them [101].
Additionally, examples of dynamic behaviour modelling can be found in [102], mostly related
to the effects of the failure of a fastener on the track behaviour, and in [103], which
mechanistically investigates the behaviour of fasteners at high frequencies.
10.1.3 Sleepers
Sleepers can be considered as part of a wider rail system composed of tracks, joining
systems and ballast. However, during our literature review, we found a large number of
publications specifically tailored to the modelling and condition monitoring of these assets
with respect to the other ones to which they are connected. For instance, some interesting
works deal with the modelling of the dynamic behaviour of railway tracks with respect to
particular types [113] [114] or configurations of sleepers [115].
From the physical modelling point of view, some of the selected articles show finite element
models of concrete and wooden sleepers [116], most of them concerning impact-load
modelling in case of a vehicle running over the entire rail system [117] [118] [119]. The case
of unsupported or voided sleeper represents a particular situation that has been modelled
separately [120] [121]. A different type of failure is represented by the possibility of cracks
and failures into the sleepers, which must be carefully analysed [122].
Finally, a set of studies refer to the implementation of condition monitoring approaches,
usually based on data driven models, that aim at exploiting image processing techniques
[123] or vibrational data [124] collected with in-site sensors or monitoring systems installed
on-board vehicles in transit.
10.1.4 Ballast, Subgrade and Foundation
Ballast, subgrade and foundation have been grouped together since they represent the
supporting assets for sleepers, rails, and all the vehicles passing over the entire rail system.
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Figure 10.1 shows two different types of civil works for these assets, namely embankments
and cuttings.

Figure 10.1: Embankment and Cutting

4

Basically, in the years all these three assets have been extensively modelled using physical
finite element models. Indeed, there is plenty of publications aiming at defining the dynamic
responses for them:


Ballast [125] [126] [127] [128];



Subgrade soil [129] [130] [131] [132];



Ground [112] [50] [133] [134].

Additionally, some works mainly relate to modelling the ballast response to particular kinds
of loading [135] [136] [137] [138] or by implementing data driven models [139], to the
condition monitoring of ballast due to the possible presence of voids and other damages
[140] [141] [142], and to the dynamic behaviour of ballast with respect to its usage on
railway bridges [143].

10.2 Bridges and Tunnels
Despite the fact that bridges and tunnels are two different assets for which we can find
specific separate literature, they are treated here together since they represent two major
civil engineering structures in the railway sector. Indeed, research on these two assets
relates mainly to the context of civil engineering and structural monitoring and modelling.
First of all, it is important to introduce some general publications that could apply to both
the assets [144] [145] [146] [147]. These works come directly from the world of civil
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engineering and relate to applications of modelling and monitoring of any structure. In case
the goal of the application is to detect problems or any other issue that could affect the
health of the monitored structure, we talk about structural health monitoring.
Regarding bridges, literature contains several publications on different topics, such as
damage detection [148] [149] [150] and analysis of different types (e.g. about vibrations,
loads, deflection, stress, fatigue, etc.) [151] [152] [153] [154]. Moreover, these studies make
use of several models from all the possible types (white [155] [156], gray [157] and black box
[158] [159] models).
From the data driven models perspective, there is an extensive use of Artificial Neural
Networks [160] [161] [162] [151] for both damage detection, vibration and load analysis.
From the mechanistic models point of view, instead, the usage of numerical finite elements
models [163] [164] [165] [166] is without any doubts the preferred choice.
Tunnels and underground railways have been studied with both white [167] and black box
[168] models from the world of finite element and data driven models respectively. In
particular, among the latter we found Artificial Neural Networks [169] or Support Vector
Machines for the analysis of vibrations [170] and for the monitoring of displacements of
rocks surrounding the tunnel [171]. In order to accomplish these tasks, both vibration and
crack-propagation data and image detections techniques [172] have been exploited.
Additionally, a set of works are related to tunnel management and maintenance of railway
tunnels [173] [174].

10.3 Switches and Crossings
Switches and Crossings (S&C) are fundamental infrastructure assets that allow efficient
routing of trains on the network. Assessing their current status and ensuring their proper
functionality is obviously a key requirement and, for these reasons, literature includes a
large number of references concerning railway S&C condition monitoring [175] based on a
wide range of methodologies from the world of statistics [177], time series analysis [176],
machine learning [178] [179] [180], and filtering [181] [182] [183]. Despite the lack of a
comparison between all these techniques, it is important to notice that there is a growing
research interest in developing systems able to perform analysis over data related to this
particular asset.
Part of the literature also investigates the dynamic interaction between railway switches and
wheels of the vehicle passing over the asset [185] [186] [187] [188]. Numerical simulations,
stochastic models and finite element models for the wheel contact-impact dynamics have
been developed, leading to a rich set of mechanistic models.
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An interesting set of works investigates predictive maintenance solutions that exploit the socalled Unobserved Components models [189] [190], which are able to estimate missing
information by exploiting maximum likelihood methodologies.
Finally, it is worth to mention that for a particular class of railway crossings, namely the level
crossings, some research articles investigate the design of safety and visual monitoring
solutions [191] [192] [193] [194] [195] aiming at reducing or preventing the unfortunately
frequent accidents occurring in proximity of these kind of assets.

10.4 Catenary
Overhead line (overhead wire, overhead equipment or catenary) represents the
fundamental power supply system for electrical railway systems, distributing energy for the
electric traction. Overhead lines have to be properly modelled and monitored [196] in order
to guarantee the continuity of service, indeed many research studies developed models and
methodologies in order to detect and - in some cases - prevent problems affecting this
particular asset.
For instance, publications selected during this SoA review relate to overhead line from two
main perspectives:


Numerical and mathematical models able to describe the interaction between the
overhead line and the pantographs [197] [198] [199] [200] [201] [202] [203];



Condition monitoring of the current status of overhead wires [204] [205] [206].

The first set of selected works mainly aim at modelling the behaviour of the contact-impact
dynamics, in particular some articles refer to high-speed railways and modelling in case of
line irregularities.
Regarding condition monitoring publications, a number of problems have been studied,
including insulation defects [207], line irregularities [208] [209], fault localization [210] and
electrical arcs occurrence [211]. Most of the research efforts consider numerical simulations
for estimating the wear during the overhead line lifetime, or describe systems based on
simple detection of variations in measurements of some specific parameter from on-board
monitoring systems (e.g. loss of tension, excessive geometric irregularities, etc.). Another set
of works treat the fault localization problem by performing a wavelet analysis based on the
travelling wave along the line itself [212]. Finally, a simple neural network approach is
described in [213] for condition monitoring purposes.

10.5 Track Circuits and Axle Counters
Track circuits and axle counters are two of the traditional systems providing information
about the presence of a train over a particular section of the railway line [214] [215] [216].
Although modern railway technologies could provide new ways of implementing train
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detection systems [217], it appears still important to study models and monitoring
techniques for these particular assets due to their large diffusion all over the European
railway network.
Regarding track circuits, for this review two different types of research works have been
selected, i.e. the ones related to fault detection and diagnosis, and the others on track circuit
behaviour modelling by exploiting mathematical models from the electromagnetism theory.
Fault detection and diagnosis problems have been discussed using several methodologies,
including neuro-fuzzy systems [218], pattern recognition [219], Dempster-Shafer theory [220]
and genetic algorithms [221] [222]. Track circuit modelling, instead, have been tackled by
exploiting transmission lines theory or local electrical models [223] [224] . A few works also
mixed the two different perspectives by analysing the possibility of taking advantage of
mathematical models in order to implement fault detection methods [225] [226].
Concerning axle counters, most of the works present new axle counter systems based on
innovative technologies [227] [228], but some exploit mathematical models [229] and
general maintenance of axle counter equipment [230], as well as a risk analysis methodology
able to assess the safety performance of train detection systems based on axle counters
[231].
Finally, the effects of electromagnetic interferences on both track circuits and axle counters
have also been addressed [232] [233].

10.6 Generic signalling systems
The research about generic signalling systems pursues a range of critical objectives due to
high risks associated to failures of this kind of systems. Indeed, many research works
describe risk analysis [234] and tests by means of simulations [235] [236] [237] [238] of
signalling equipment able to assess and optimize the dependability [239] of railway signalling
systems.
Another set of works relate to condition monitoring of railway signalling equipment by
exploiting anomaly detection techniques [240] [241] [242] [243] [244], or explore the mutual
impact of signalling systems and power supply systems in terms of electromagnetic
interferences [245].
One research provides a feasibility study over railway sign detection and classification by
taking advantage of image processing techniques and pattern recognition methodologies
[246].

10.7 Security for public and restricted access areas
Railway stations, platforms, signalling boxes, huts, and other public and restricted-access
structures and buildings are considered here railway assets to be monitored.
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Apart from the obvious usage of structural health monitoring technologies in order to assess
the status of the monitored structures, we identified one major problem related to the
security of such areas. For instance, many works investigate methodologies and techniques
able to monitor people and their behaviour inside public areas, by exploiting either visionbased [248] [249] [250] [251] or multisensory-based [252] monitoring systems. Other
research articles relate to intrusion detection systems and techniques for restricted areas
[253] [254].
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11 Appendix B – Detailed Description of the Scenarios
11.1 Scenario by RFI
11.1.1 Responsible IM partner and reference person
Partner: Rete Ferroviaria Italiana (RFI)
Contact Person: Renzo Canepa
Email: r.canepa@rfi.it
11.1.2 Objective(s) of the scenario and Relationship with TMS
The main objective of this scenario is to nowcast and forecast train delays, based on
historical information related to train movements, on the historical planned timetable, and
on historical weather conditions data. “Train movements” are records of timestamps of
arrivals (departures) of trains at (from) a particular “checkpoint”, which represents any
location where the position of a train associated with a timestamp is recorded. The “planned
timetable”, instead, can be seen as a table including timestamps of scheduled arrivals
(departures) for each train and for each checkpoint included the journeys of the trains.
In particular, the scenario develops around the possibility of integrating into predictive
models for train delays some exogenous information with respect to the railway world (i.e.
weather conditions). The scenario aims at designing, implementing and testing in laboratory
(and validating at a future stage) a set of data-driven predictive models for nowcasting and
forecasting purposes based on data related to the Italian railway network provided by RFI.

Figure 11.1: How Nowcasting and Forecasting could help TMS

Figure 11.1 shows how the TMS can take advantage of the output of nowcasting and
forecasting models. The value
shown in the picture stands for any future time with
respect to time , in which a delay prediction is requested. For instance, if the TMS can be
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supported by a predictive system able to accurately nowcast and forecast the delays of
trains in the railway network under its supervision, it could be possible to replan train
movements in a different way, so to prevent/reduce delays or to optimize network
utilization.
11.1.3 Description of the scenario
As already stated, this scenario aims at developing Nowcasting and Forecasting models able
to estimate the current delay of a train and to predict it at future times. Accurate train delay
predictions could greatly improve traffic management and dispatching from many different
perspectives: passenger information systems, freight tracking systems, timetable planning,
and preventive rescheduling.
A large literature covering this problem [259] [260] already exists, considering the railway
network parameters and the information that can be retrieved from the classical railway
information systems as the only data sources (e.g. the TMS for records about train
movements). However, many other exogenous factors affect railway operations, such as
passenger flows, strikes, celebrations and similar public events. For this reason, this scenario
concentrates on nowcasting and forecasting train delays by means of a set of data-driven
models integrating data about past train movements and weather conditions.
Figure 11.2 shows the general approach which will be exploited for solving the train delay
prediction problem with data-driven methodologies. In particular, by combining train
movements data and weather data into a single historical database, machine learning
algorithms will analyze the data so to build data-driven models that are able to respond to
new, previously unseen input data to predict train delays.

Figure 11.2: Data-driven approach for this scenario

The next section explains in details the available data sources together with a description of
the information that they can provide. Additionally, the inputs and outputs of the datadriven models are clearly identified.
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11.1.4 Data Sources
11.1.4.1 Railway Information Systems - TMS
From every TMS, it is possible to retrieve:


Data about train movements, with time and position references (e.g. timestamps at
station arrivals and station unique IDs).



Theoretical timetables, including planning of exceptional train movements,
cancellations, etc.

11.1.4.2 External Data sources
Other useful exogenous information to be correlated with train delays could be retrieved
from external databases, like for example:


Information about the tourists’ presence in an area. Unfortunately, these data are
often not available because of privacy/confidentiality issues.



Information about the number of passengers on each train. This information is often
available only for trains with seat reservations.



Information about weather conditions from weather stations in the area. For
instance, by looking for the closest weather station to the railway station/line (as
depicted in Figure 11.3).

Figure 11.3: Weather stations and railway network
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Consequently, weather historical data will be included in the nowcasting models developed
for this scenario by taking advantage of the Italian national weather service’s databases,
which are publicly accessible.
11.1.5 Description of Available Data
11.1.5.1 Railway Information Systems - TMS
Taking the RFI TMS databases as an example, Table 11.1 shows the data that is recorded
every time a train passes through a station or a checkpoint.
Field Name

Datatype

Description

TRAIN DATE

datetime

the date expressed in day, month and year
(formatted as “dd/mm/yy”) of the record

TRANSPORT NUM

string

the unique identifier of the train

PIC PLACE CODE

string

the unique identifier of the station

PLACE DSC

string

the name of the station

ARRIVAL DATE

datetime

the date of arrival of the train in the station
(formatted as “dd/mm/yy”)

ARRIVAL TIME

datetime

expressed in hours, minutes and seconds
(formatted as “hh:mm:ss”)

ARRIVAL DIFF

float

the delay of arrival (

DEPARTURE DATE

datetime

the date of arrival of the train in the station
(formatted as “dd/mm/yy”)

DEPARTURE TIME

datetime

expressed in hours, minutes and seconds
(formatted as “hh:mm:ss”)

DEPARTURE DIFF

float

the delay of departure (
minutes

PASSAGE TYPE

char

the type of station or checkpoint from the train
point of view. There are four possible values:


O (Origin)



D (Destination)



T (Transit)



F (Stop)

) expressed in minutes

) expressed in

Table 11.1: Train Movements data format
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Moreover, RFI stores in its databases other useful information:


The nominal timetable with the
over the network;



The so-called “allungamento”, a sort of buffer time that represents the amount of
time (expressed in minutes) that can be regained from the delay by going from two
connected stations and . However, it is important to note that there exists an
“allungamento” for the section going from station A and B, but not for going from A
to C. In this last case, one needs to sum the “allungamento” for going from A to B
and the one for going from B to C.

and

time references for each train that runs

Train movements, nominal timetables and buffer times are available in the RFI information
systems for each train and for any part of the Italian railway network. Anyway, the data that
will be shared by RFI for the In2Rail project will only consider two limited areas and a limited
time interval. Moreover, note that the information will be anonymized for privacy and other
concerns.
Finally, as agreed with RFI, UNIGE will receive data related to two of the main areas of the
Italian railway network, containing all the train movements for the trains travelling in those
particular areas. The data will be related to 2015, and it will span over one year for the first
area and 6 months for the second one.
11.1.5.2 Data about weather conditions
Data from weather stations will be collected by accessing to the databases of the national
weather control and forecast services in Italy. The access to this data is restricted, although it
can be used for research purposes.
For any weather station, it is possible to retrieve the measured values and the forecasted
values (for different time horizons) of many variables, including their minimum, maximum
and average values for each day to be considered:


atmospheric pressure (at sea level and the level of the weather stations);



solar radiation (hours of sun and average radiation);



temperature (average, minimum, and maximum);



humidity (relative humidity);



wind (direction and average, minimum, and maximum intensity);



rainfall (millimetres of water fallen every square meter).

Note that UNIGE will download weather data related to the same areas and to the same
time intervals for which we have train movements data provided by RFI.
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11.1.6 Data access policies
All the references to the real data are presented in aggregated form and anonymized in
order to avoid privacy and security issues.
The data is property of Rete Ferroviaria Italiana (RFI) S.p.A., and will be shared only with
UNIGE for research purposes, so to accomplish the objectives of WP9 Task 9.1.
11.1.7 Description of Available Physical models
Not applicable.
11.1.8 Inputs and outputs of the model(s)
Figure 11.4 shows a simple diagram correlating inputs of the data-driven models, the models
themselves and the output of these models. Again, the value
shown in the picture
stands for any future time with respect to time , in which a delay prediction is requested.

Figure 11.4: Inputs and outputs of the data-driven model(s)

In particular, given a railway network, these models have to take into account a historical set
of data as input comprehending the following information:


The list of trains that have been scheduled to run over the network;



The list of trains that have actually run over the network (note that it may be
different from the one above because of some train cancellations);



For each train, an historical dataset containing all the movements of that particular
train over the railway network of interest;



For each station of the considered railway network, the data from the closest
weather station, covering, at least, all the days for which the historical dataset about
train movements is available, and several day times (e.g. at 9.00, at noon, etc.) at the
appropriated granularity.
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The outputs of the models, instead, are represented by the predictions of delays for each
train at each subsequent station of its itinerary, with respect to the one where it is stopped
or to the last one for which a departure is recorded.
11.1.9 Description of the test site
Two main areas of the Italian railway network will be considered, although this information
will be anonymized in the results for privacy and other concerns.
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11.2 Scenario by NR
11.2.1 Responsible IM partner and reference person
Partner: Network Rail Limited (NR)
Contact Person: Meena Dasigi
Email: Meena.Dasigi@networkrail.co.uk
Contact Person: Nadia Hoodboy
Email: Nadia.Hoodbhoy@networkrail.co.uk
11.2.2 Objective(s) of the scenario and Relationship with TMS
The attribution of delay responsibilities is a long process that is performed by a team of
experts (also called the Delay Attribution Board – DAB) that operates after retrieving all the
information needed to perform an informed decision. The objective of this scenario is to
nowcast and forecast “Delay Attributions” (i.e. the results of the aforementioned long
process) by looking at the current state of train delays all over the railway network, so to
understand the causes of a set of delays in advance with respect to the official attribution.
The main idea behind this scenario is that it should be possible to exploit the historical
datasets of past train movements and of past delay attribution so to extract delay patterns
from the former and to correlate them with the official delay attributions from the latter.
Based on the correlations reconstructed, a data-driven model could be built able to correlate
past delay patterns to the current one so to nowcast the actual cause of the current delays
before the official attribution process even starts. Forecasting is expected to be able to
recognize the cause of delays before a specific delay pattern occurs by reconstructing the
evolution of the state of the network.

Figure 11.5: How Nowcasting and Forecasting could help TMS
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The information about delay attributions, and consequently about delay causes, could be
used by the TMS in order to optimize replanning of train movements over the railway
network, as schematically shown in Figure 11.5.
11.2.3 Description of the scenario
The Network Rail (NR) Nowcasting and Forecasting scenarios are related to the preventive
identification of the cause of a series of delays given the current state of the trains on the
railway network (i.e. the position and the delay of all the trains running over the network). In
this particular scenario, nowcasting and forecasting can be reformulated (without being
against the formal definition given) as:
Nowcasting: studying delay attributions based on the past/present train movements, prior
to the delay attribution process that occurs later in time.
Forecasting: studying delay attributions based on the past/present train movements, so to
avoid possible issues before they happen.
Indeed, the results of nowcasting and forecasting models can be extremely useful since the
attribution of delays is performed by a team of experts called the Delay Attribution Board
(DAB), which operates after retrieving all the information needed to perform an informed
decision. Unfortunately, this results in a large lag with respect to the moment in which the
incident actually happened. Saying that, it is clear that the final decision must be taken by
humans and not by an algorithm. However, this scenario intends to assess the possibility to
provide a decision support tool that could reduce the time needed to get to the final
decision. More information about the DAB and the delay attribution process itself can be
found on the related website5.
11.2.4 Data Sources
NR will provide several datasets to be analysed in order to solve the proposed problem:


Delay Incidents (Historic Delay Attribution): dataset containing records of all the
trains affected by a delay, together with the reason why the delay happened.
Moreover, the records include many other information related to the type of delay,
e.g. information about secondary (reactionary) delays, delay responsibilities, etc.;



Train Movements: dataset containing all the movements performed by trains in the
railway network under examination, extracted from TMS;

Additionally, NR will provide a set of documents that explain the complexities associated
with data:

5

Delay Attribution Board official website: http://www.delayattributionboard.co.uk/index.htm
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“Explanation of historic attributed delays.pdf”: this PDF document contains a brief
description for each column included in the Delay Incidents files;



“Historic delay attribution glossary document.xlsx”: this Excel file includes several
sheets where it is possible to find explanations for the codes used in the Delay
Incidents files.

11.2.5 Description of Available Data
In order to perform a statistical analysis and to generate the nowcasting and forecasting
models, a large amount of historical data is needed. Delay Incidents data from 17th August
2014 to 31st March 2016 is available and publicly accessible at the Network Rail
Transparency Dataset website6. Train movements data from the English railway network is
also available and publicly accessible, although only near real-time data can be retrieved by
connecting to the Network Rail Data Feeds (see related website7). Due to the need of train
movement historical data, NR will share with UNIGE one year of data overlapping with the
available historic delay attribution data. In particular, train movements data will span from
17th August 2014 to 22nd August 2015 (i.e. over about one year). Moreover, it was agreed
that NR would consider only the data collected from one particular route 8 that passes across
all England and reaches Scotland.
Finally, it is worth to highlight that the DAB associates each train delay with an incident
reason code. Incident reasons codes represent different delay causes, such as infrastructure
problems, too high passenger flows, etc. The following list shows some examples of
interesting incident reasons for delay attributions:


Track circuit failure;



Points failure;



Signaller error, including wrong routing and wrong ETCS/ERTMS instruction;



Track defects (other than rail defects, i.e. fishplates, wet beds, etc.);



Train Describer/Panel/Automatic Route Setting/Solid State Interlocking Remote
Control failure;



Broken/cracked/twisted/buckled/flawed rail.

The incident reasons that represent the most important ones from an Infrastructure
Manager perspective are the ones belonging to the Infrastructure (“I”) or Operations (“O”)
categories. For this reason, in the context of this scenario we will focus on them.

6

Network Rail Transparency Dataset website: www.networkrail.co.uk/transparency/datasets
Network Rail Data Feeds website: http://www.networkrail.co.uk/data-feeds/
8
See https://www.networkrail.co.uk/structure-and-governance/our-routes/ for the complete routes diagram.
7
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The following sections describe in details the data format and the meaning of each data
field.
11.2.5.1 Train Movements
The “Train Movements” files include a table with several columns, namely:


TrainID – the identification number of a train. For example, taking the Train Id
“541D23MU19”:
54

1D23

First two numbers
of the departing
station, e.g. 54311 Train unique string
 Kings X (London
Kings Cross)



MU

19

Type of train

Day of the month,
e.g. 19/11/2015

Timing Event Name – The type of event occurred, it can be [T, P, A, D, O] where:
‒
‒
‒
‒
‒

T – Terminal (final planned destination of the service),
P – Passage,
A – Arrival,
D – Departure,
O – Origin;



WTT Datetime – Working Timetable (WTT) date and time, i.e. the theoretical
timetable plan;



Actual Datetime – actual time in which the event occurred formatted as “HH24 DDMon-YYYY”;



Direction – direction of travel, there are only two values, UP (U) and DOWN (D).
Indeed, in England & South Wales the direction of travel is described in relation to
London (UP is towards London, DOWN is away). In Scotland, the direction is in
relation to Edinburgh. The Valley Lines in Wales are UP valley and DOWN valley;



Section Start Location Name – name of the location where section starts, e.g.
“Leeds”;



Section Start Location Code – code of the location where section starts, e.g.
“17132”;



Section End Location Code – for planned schedule purposes this field will be blank
because the timing point is represented as a single location, ‘Section Start Location
XXX’. If there is a performance event resulting in delay between two timing points,
the ‘Section End Location XXX’ will be populated;

 Section End Location Name – see “Section End Location Code”;
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Derived Route Name – name of the NR route, e.g. “LNE”. The UK Railway is split into
geographically related operational routes. “LNE” relates to London North Eastern,
broadly the East Coast Mainline and associated lines. Other routes9 include ‘LNW’
(London North West), Anglia, South East, Wales, Western, Wessex, Scotland.

11.2.5.2 Delay Incidents and “Explanation of historic attributed delays.pdf”
In the Delay Incidents (Historic Delay Attribution) dataset, each record is characterized by
the following columns (described in the file “Explanation of historic attributed delays.pdf”):

9



Financial Year and Period – the “railway” period that the delay occurred in;



Date – this is the date of the train within the system;



TrainID – Performance Systems Strategy (PSS) does not contain UID codes, it
contains trainids, which are unique within a railway period for a given route but not
within a year. The same train in the timetable should have the same eight digit
TrainID, while the last two digits are the day of the month;



Location codes – these are Stanox (Station Number) codes – PSS works on TRUST
(Train Running System) TOPS (Total Operations Processing System) recording
locations, not timetable locations;



GBTT and WTT – the GBTT (Great Britain Timetable) times are those that appear in
the published timetable, and delays are calculated against;



TSC – this is the train service code at the point where the delay occurred;



Service Group code – this is the service group within the Schedule 8 performance
regime (and on Real Time PPM – Performance and Punctuality – screens);



Operator – this is the operator code (i.e. TOC – Train Operating Company – which
ran the train);



English Day Type – weekday, Saturday, Sunday, bank holiday, Christmas;



Applicable timetable flag – if N the train is not in official performance records as it is
a short-term replacement of a train plan – normally a reinstatement of part of a
cancelled service;



Train schedule type / traction type/ trailing load / unit class – these fields are not
mandated or validated;



Incident number – the TRUST Delay Attribution (DA) incident number (not unique
without the create date);



Incident create date – the date the incident was entered into the system;

See https://www.networkrail.co.uk/structure-and-governance/our-routes/ for the complete routes diagram.
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Incident start/end date – the date the system has the incident live (this is not the
length of the incident on the ground);



Section code – where the incident took place;



Network Rail location Manager – the area of the country;



Responsible Manager – who within the industry is responsible for the delay – all
delays have responsibility for performance improvement purposes;



Incident Reason – the Delay Attribution Guide (DAG) cause code for the incident;



Attribution Status – All delays go through an acceptance process. Only once they are
agreed, the linkage to the incident becomes official. “Disputed delays” normally
mean that further investigation is ongoing about either the cause of the incident or
the delay;



Incident equipment – internal free form information;



Incident description – short description of the incident for internal use;



Reactionary reason code – again in the DAG. If no code is provided, the delay is
primary (i.e. the delay is at the site of the incident), while if reactionary the delay is a
later consequence of that incident;



Incident Responsible train – which train initially caused the incident (if any);



Performance Event Code – Whether the train has been delayed or cancelled. “A”
and “M” denote delays, while “C”, “D”, “O”, “P”, “S” and “F” are cancellations:
‒
‒
‒
‒
‒

C is a full cancellation,
D is a diversion,
F is a failure to stop,
S is a scheduled cancellation,
O/P are partial cancellations;



Start/end stanox – the location of the delay (not the incident);



Event Datetime – the time the train encountered the delay;



Pfpi minutes – the “size” of the delay. Note that if the train is cancelled (see the
Performance Event Code), a deemed delay minute is generated for internal usage in
these circumstances, even if the train hasn’t been delayed, so that including this
delay in any calculation of delay is misleading.



Train ID responsible – see Incident Responsible Train;



Train ID react – if the delay is a reactionary delay, the system will try to capture the
train that made this train late.
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11.2.5.3 “Historic delay attribution glossary document.xlsx”
This document contains the glossary (represented as a table) of some of the columns of the
Delay Incidents files, in particular of:


Service Group Code – we have a table with:
‒ Service Group Code – Affected,
‒ Service Group Description – Affected;



Operator Name – we have a table with:
‒ Operator – Affected,
‒ Operator Name – Affected;



Train Service Code – we have a table with:
‒ Service Group Code – Affected,
‒ TSC – Affected,
‒ TSC Description – Affected;



Performance Event Code – we have a table with:
‒ Performance Event Code,
‒ Performance Event Group,
‒ Performance Event Name;



Reactionary Reason Code – we have a table with:
‒ Reactionary Reason Code,
‒ Reactionary Reason Description,
‒ Reactionary Reason Name;



Responsible Manager – we have a table with:
‒
‒
‒
‒
‒
‒



Responsible Organisation NR-TOC/FOC Others,
Responsible Organisation,
Responsible Manager,
Responsible Manager Name,
Responsible Organisation Full Name,
Responsible Organisation Name;

Incident Reason – we have a table with:
‒
‒
‒
‒
‒
‒
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Incident Category Description,
Incident Category Group Description,
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‒ Incident Reason Description,
‒ Incident Reason Name;


Period Dates – we have a table with:
‒
‒
‒
‒
‒



Shortened Convention,
Financial Year & Period,
Min,
Max,
Day Count;

Stannox Codes – we have a table with:
‒
‒
‒
‒

STANOX NO,
FULL NAME,
CRS CODE,
NR ROUTE.

This information is useful for different reasons. Firstly, it represents a reference for
understanding all the possible values contained in the data about Delay Incidents (Historic
Delay Attribution). Secondly, the glossary gives the possibility to map the data to the
physical problems, since giving a context to simple numbers can be fundamental in order to
understand the problem fully. Finally, this glossary may allow better normalizing the
available data and checking for possible inconsistencies or errors that may cause problems
during the analysis.
11.2.6 Data access policies
The data is property of Network Rail Ltd. (NR), and will be shared only with UNIGE for
research purposes, so to accomplish the objectives of WP9 Task 9.1. of In2Rail. Utilisation of
this data for other In2Rail work packages will only be allowed with explicit agreement from
Network Rail. The data may not be shared, sold or reused for any other purpose.
11.2.7 Description of Available Physical models
Not applicable.
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11.2.8 Inputs and outputs of the model(s)

Figure 11.6: Inputs and outputs of the data-driven model(s)

Figure 11.6 shows a simple diagram correlating inputs of the data-driven models, the models
themselves and the output of these models.
In particular, given a railway network, these models have to take into account a historical set
of data as input comprehending the following information:


The list of trains that have been scheduled to run over the network;



The list of trains that have actually run over the network (note that it may be
different from the one above because of some train cancellations);



For each train, an historical dataset containing all the movements of that particular
train over the railway network of interest;



The historic delay attribution records of the past in order to correlate the positions
of the trains along the network and their delays with the official incident reason
defined by the DAB.

The outputs of the models, instead, are represented by the estimates or the predictions of
the incident reasons later defined by the delay attribution process. In particular, the models
should be able to recognize if an incident of class Infrastructure (“I”) or Operations (“O”) is
happening or is going to happen by only looking at the delays of all the trains that are
currently running over the railway network. In case one of these two classes of incidents is
detected, the models should then recognize which is the most probable incident reason (e.g.
Track Circuit failure, Point failure, etc.).
11.2.9 Description of the test site
A particular route between the ones depicted in Figure 11.7 has been selected as the most
interesting one for this scenario. The route starts from London and travels all along England,
terminating its path in Scotland. Historic delay attribution data has been analysed in order to
determine the best route with respect to the number and the types of failures encountered
GA 635900

Page 168 of 232

In2Rail

Deliverable D9.3
Nowcasting methodologies

in the past. In particular, the selected route is the one that showed the highest number of
records with Incident reason belonging to either the Infrastructure or the Operations
categories.

Figure 11.7: Network Rail routes
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11.3 Scenario by UPORTO / EVOLEO/IP
11.3.1 Responsible IM partner and reference person
Partner: Infraestruturas de Portugal (IP)
Contact Person: Francisco Ganhão
Email: francisco.ganhao@infraestruturasdeportugal.pt
Phone: +351 211 029 422
Mobile: +351 911 024 862
Partner: University of Porto (UPORTO)
Contact Person: Rui Calçada
Email: ruiabc@fe.up.pt
11.3.2 Objective(s) of the scenario and Relationship with TMS
This proposed NC/FC scenario develops around two objectives, of which the most important
one is to develop a methodology able to provide an indication of the risk of derailment of a
running train by exploiting data-driven methodologies, which allow extracting useful
knowledge from information about the train, the track conditions and the weather. A
measure of the derailment risk, if available, could be very important for the TMS since it
could be used by decision-makers in order to trigger immediate actions, for instance speed
restrictions on specific line sections so to prevent accidents, which usually cause disastrous
effects in case of train derailments.
In particular, this scenario focuses on developing a data-driven system able to estimate the
lateral (Y) and vertical (Q) contact forces between the wheels of a running train and the rails,
as well as the so-called “Y/Q forces ratio”. These are the most relevant parameters specified
in the European Standard CSN EN 14363 (2016) [266] as indicators of running safety for the
assessment of the derailment risk, and consequently they have been selected for this
scenario in order to test the proposed methodology (although it could be also applied to the
other indicators presented into the EN standard). Specifically, in order to ensure that a train
is running safely, the instantaneous values of the Y and Q forces and their ratio must be
lower than some predefined thresholds.
Figure 11.8 shows in a graphical fashion how the TMS can take advantage of the forces
values outputted by the NC/FC models. For instance, the data-driven models will provide
nowcasts and forecasts of the forces, which can be compared to the thresholds included in
the EN standard so to compute the risk of derailment. The TMS could then use this
information in order to immediately force speed restriction and other safety-related
constraints on the considered trains or railway sections.
GA 635900

Page 170 of 232

In2Rail

Deliverable D9.3
Nowcasting methodologies

Figure 11.8: How Nowcasting (NC) and Forecasting (FC) could help TMS

The second objective of this scenario is to answer the following question:
Is it possible to NC/FC the risk of derailment by the aim of fast calculation data-driven
methods with sufficient prediction quality as a decision basis for TMS?
Indeed, several physical white-box models [268] [269], able to estimate accurately Y and Q
wheel-rail contact forces and validated on real data, are reported in literature. However,
using these white-box models to simulate the behaviour of a running train usually requires
high computational resources and large amounts of time, which make them unsuitable for
time-critical applications (e.g. for nowcasting purposes). For this reason, this scenario aims at
substituting white-box models with data-driven ones, which instead are capable of shrinking
into a powerful and lightning-fast model the information content hidden in data. Indeed,
although data-driven models require large computational resources and time in order to be
built, their usage is straightforward as the production of the output is a matter of simple
calculations.
The following sections describe in details the setup of the scenario, the available data, and
the proposed inputs and outputs for the NC/FC models.
11.3.3 Description of the scenario
As already stated, this scenario aims at developing NC/FC data-driven models able to
estimate the risk of derailment in reduced computational time. In particular, the main
practical goal of the proposed approach is to demonstrate that it is possible to literally
substitute a physical model with a data-driven black-box model that takes the same inputs of
the physical model and outputs Y and Q forces and their ratio Y/Q.
The classical physical modelling methodology consists in the development of a mechanical
numerical model of a train/vehicle that can be used to estimate the forces acting at the
contact between wheels and rails. The Finite Elements model of the Alfa Pendular train [269]
already developed and validated by UPORTO represents a sound and clear example of
physical white-box model. This type of model is based on physical principles that result in a
set of mathematical equations that describe the behaviour of the system (i.e. the contact
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between the wheels of a running train and the rails), and therefore can be used to simulate a
run of a train.
However, the physical modelling approach has some major drawbacks that have to be
carefully considered. For instance, in order to build a physical model, a different set of
parameters and/or equations have to be included for each relevant factor affecting the
behaviour of the modelled system, and then the value of the model parameters have to be
calibrated for each specific case (e.g. for different vehicles). Moreover, using physical models
in simulations usually requires high computational resources and large amounts of time,
which make them unsuitable for time-critical applications (e.g. for nowcasting purposes).
On the contrary, the data-driven modelling approach aims at automatically inferring a model
that is able to connect some real input data, which is representative of a certain system
behaviour or phenomena, to some real output data, which is usually difficult to measure or
that has to be predicted at future instants. Additionally, data-driven models are capable of
shrinking the information content hidden in data into a powerful and lightning-fast model
that can respond in near real-time to previously unseen inputs. For these reasons, datadriven models represent an appealing alternative to physical models.
In order to build data-driven models for the estimation and prediction of the lateral and
vertical wheel-rail contact forces and their ratio Y/Q, it is necessary to collect data related to
the main factors affecting the run of a train, namely the vehicle type (e.g. passenger trains,
freight trains, etc.), the vehicle conditions (e.g. unbalanced loading, defected wheels, etc.),
the track assets conditions (e.g. bridges, tunnels, etc.) and the operating/environmental
conditions (e.g. running speed, wind, etc.).
In the context of this scenario, a simplified approach is proposed, so to limit the complexity
of the scenario, and because of the problem of the availability of data. The proposed
approach considers a single type of train (i.e. the Alfa Pendular train), a particular line in
Portugal (i.e. the Portuguese Railway Line between Porto and Lisbon, for which real track
condition data is available), and the presence of wind as a single (but most representative
for a train run) weather variable.
Moreover, since real measurements of Y and Q forces are not available (at least in the first
stages of this project), the creation of the NC/FC models will be based on synthetic data of
wheel-rail contact forces generated through the validated physical Finite Elements model of
the Alfa Pendular train. This approach, if performed correctly, can be equally considered
valid and meaningful. Indeed, one of the most important characteristics of data-driven
models is that, if the model is built on a sufficiently large dataset containing information
related to all the possible settings of the phenomenon under examination, they are able to
show very good “generalization” capabilities, i.e. they perform well in case of previously
unseen input data/settings (e.g. different operational speeds, different wind conditions,
etc.).
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For example, in order to build a complete data-driven model for the estimation of the risk of
derailment capable of performing well for different types of trains, one should repeat the
same procedure for each type of train, or at least for a subset of train types that could
represent the characteristics of the other trains excluded. The same should be performed for
each simplification introduced in this project. Since this would result in a lot of work
unfeasible for a single scenario, the proposed solution will only show that methodology
works without loss of generality and that it could be applied to different scenario settings.
Therefore, the activities related to this scenario can be divided into two phases: the data
generation phase (Figure 11.9) and the model creation phase (Figure 11.10).

Figure 11.9: Data generation phase

The data generation phase consists in simulating the run of an Alfa Pendular train along the
railway line between Porto and Lisbon by exploiting the validated dynamic vehicle-track
model of [268], so to produce wheel-rail contact forces values. The vehicle model was
calibrated by UPORTO in the last years [269] and is described in details in Section 11.3.7.1.
The simulations settings will be varied so to get a comprehensive and representative set of
input/output pairs to be provided to the data-driven algorithms. For instance, simulations
will be run at different operational conditions (e.g. different train speed) and with different
wind conditions (e.g. different wind speed and direction).

Figure 11.10: Data-driven model creation phase
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At the model creation phase, a data-driven model for the estimation of the Y and Q forces is
built, based on exactly the same input data used to perform the simulations with the
physical model of the Alfa Pendular train. In order to build the data-driven model,
input/output pairs coming from the data generation phase will be exploited.
The fundamental steps for the completion of this scenario are listed here below:
1. Collecting/designing input data;
2. Performing simulations with physical Finite Elements model of the Alfa Pendular train
with input data of step (1), so to generate output data, namely Y and Q wheel-rail contact
forces values;
3. Building the data-driven model through state-or-art machine learning algorithms that can
infer the relationship between the same input data of step (1), and lateral and vertical
forces generated at step (2) through simulations.
Once the data-driven models will be available, they could be used to provide useful
information for supporting the decision process of TMS/maintenance actions, such as setting
speed reductions, closing down a particular line or performing track geometry corrections,
so to prevent derailments. More specifically, NC could provide to TMS the current risk of
derailment for a specific vehicle for different vehicle speeds and for different wind speeds
and directions, therefore expressing the risk of derailment as a function of the different
inputs. Long-term FC, instead, could provide to maintenance the remaining time until a limit
of risk of derailment is exceeded.
The next sections describe in details the available data sources, together with a description
of the information that they can provide. Additionally, the inputs and outputs of the datadriven models are clearly identified.
11.3.4 Data Sources
For the present nowcasting scenario, most of the data will be provided by IP. Several data
sources will be considered, namely:


Track data;



Vehicle data;



Environmental data.

11.3.4.1 Track data
The track data for the use in the NC scenario will be provided by IP, and consist of track
geometrical quality, track layout and track assets.
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11.3.4.2 Vehicle data
The vehicle data that comprise the vehicle information (e.g. dynamic characteristics for the
FE model) and the operational information (e.g. vehicle running speed, loading, tonnage) will
be provided by IP and UPORTO. In particular, the vehicle to be used in the NC/FC analysis will
be the Alfa Pendular train, which is a passenger train whose dynamic characteristics have
been calibrated by UPORTO in the last years [269].
11.3.4.3 Environmental data
Real environmental data such as the wind speed, the temperature, and the humidity might
be downloaded from an online climatic database10 and/or from the Portuguese climatic data
centre, IPMA – Instituto Português do Mar e da Atmosfera.
However, since in this scenario simulations of runs of a train under different wind conditions
will be performed, at the first stage this kind of data will be simulated in order to apply in an
easier way different wind conditions to the simulated running trains.
11.3.5 Description of Available Data
11.3.5.1 Track data
According to the EN 13848-5:2008+A1 (2010) [267], the evaluation of the track geometrical
quality is based on five geometrical parameters: the longitudinal level, the alignment, the
cross level, the variation of gauge and the twist. These parameters come from the track
inspection made by a measurement car, usually every 3 months in primary railway lines. The
data format is indicated in Table 11.2.
Name

Sampling frequency

Data type & format

Owner

Localization

0,25 m

Array, Real

IP

Track gauge
Longitudinal level left
Longitudinal level right
Cross level
Alignment left
Alignment right
Twist
Curvature

0,25 m
0,25 m
0,25 m
0,25 m
0,25 m
0,25 m
0,25 m
0,25 m

Array, Real
Array, Real
Array, Real
Array, Real
Array, Real
Array, Real
Array, Real
Array, Real

IP
IP
IP
IP
IP
IP
IP
IP

Table 11.2: Data format - track

10

http://www.wunderground.com/, https://darksky.net/41.1492,-8.6104/2016-10-25
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11.3.5.2 Vehicle data
In this NC scenario, the CPA 4000 series train, known as Alfa Pendular, is adopted. This train
consists of six vehicles, four motor vehicles (BAS, BBS, BBN and BAN) and two hauled
vehicles (RNB and RNH). The train has a total length of 158.9 m and can reach a speed of
220 km/h. The total weight, in normal load conditions, is 323.3 t. The axle loads vary
between 128.8 and 136.6 kN. Figure 11.11 shows a perspective of the Alfa Pendular train
with the identification of all vehicles.

Figure 11.11: Alfa Pendular train

The total mass of the vehicles, including the bogies, equals 52.2 t, in running order, and
55.0 t, in normal load conditions. The length of the vehicles equals 25.9 m. The distance
between the axles of the bogies equals 19.0 m and the wheelbase equals 2.7 m. Figure 11.12
shows a perspective and plan view of the BBN vehicle’s interior.

Figure 11.12: BBN vehicle: a) perspective; b) plan view

Figure 11.13 shows a schematic illustration of the bogie. The main structure, or chassis,
consists of two girders connected by two tubular crossbars, forming a double H structure.
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Figure 11.13: Motor bogie

The bogie’s chassis rests on two axles through springs and dampers of the primary
suspensions and two traction rods. In the axle box there is a bumpstop limiting the opening
of the primary suspension springs.
Joining the two girders there is a bolster which is articulated at the ends and also supports
the braking system. The tilting bolster is supported over the chassis by secondary
suspensions. The same tilting bolster, supports, in turn, the load bolster which is connected
to the carbody of the vehicle. These two bolsters, linked by connecting rods and hydraulic
actuators, allow the tilting of the carbody.
A detailed information of the vehicle data can be found in [269]. For complex FE calculations,
the wheel profiles should also be included as data.
11.3.5.3 Environmental data
The environmental data to use are related to wind speed and direction. As already
mentioned, this data will be simulated in order to apply different wind conditions to the
simulated running trains.
11.3.6 Data access policies
The type and specifications of the vehicle are provided, as these do not depend on the
operators.
Track and maintenance data should be kept anonymous, not being referred publicly details.
Some data can be assessed case by case if publications are desired.
Acknowledgements on publications are requested, that is, the owners kindly request to be
informed of the intention to publish and which specific explicit references to the data origin
are foreseen.
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11.3.7 Description of Available Physical models
11.3.7.1 Finite Elements (FE) model
For analysing the train–track dynamic interaction a FE model developed by UPorto is used, in
which the governing equilibrium equations of the vehicle and track are complemented with
additional constraint equations that relate the displacements of the contact nodes of the
vehicle with the corresponding nodal displacements of the track. The model uses a finite
element to simulate the behaviour in the contact interface, based on Hertz’s theory and
Kalker’s laws. The complete system is solved directly using an optimized block factorization
algorithm. For more information about this FE model, please refer to 141[268].
A schematic representation of the dynamic model of a vehicle of the Alfa Pendular Train is
illustrated in Figure 11.14.
The springs and dampers of the suspensions are denoted by k and c and the masses and
rotary inertias are indicated by m and I. The longitudinal, lateral and vertical distances are
denoted by a, b and h, respectively, Lcp refers to half of the lateral distance between the
initial contact points and R0 is the nominal rolling radius. The subscripts cb, bg and ws
indicate carbody, bogie and wheelset, respectively.

Figure 11.14: Dynamic model of a vehicle: (a) lateral view and (b) front view

The carbody, bogies and wheelsets are modelled using beam finite elements, and the
suspensions are modelled using spring-dampers in the three directions, as depicted in Figure
11.15. The masses and rotary inertias are modelled using mass point elements, located at
the centre of mass of each component.
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Figure 11.15: Numerical model of a vehicle of the Alfa Pendular train

The main geometrical and mechanical properties of the vehicle are summarized in Table 11.3
and Table 11.4.
Geometrical properties

Value

Longitudinal distance between bogies a1
Longitudinal distance between wheelsets a2
Transversal distance between secondary suspensions
b1
Transversal distance between secondary longitudinal
and transversal suspensions b2
Transversal distance between primary suspensions b3
Transversal distance between contact points 2Lcp
Vertical distance between car body centre and
secondary transversal suspensions h1
Vertical distance between car body centre and bogie
centre h1 +h2
Vertical distance between car body center and
wheelset center h1 +h2+h3
Wheel nominal radius

19.00 m
2.70 m
2.144 m
2.846 m
2.144 m
1.668 m
0.936 m
1.107 m
1.143 m
0.445 m

Table 11.3: Geometrical properties of the vehicle
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Mechanical properties
Car body mass mcb
Bogie mass mbg
Wheelset mass mws
Car body roll moment of inertia Icb roll
Car body pitch moment of inertia Icb pitch
Car body yaw moment of inertia Icb yaw
Stiffness of the primary vertical suspension k1,z
Damping of the primary vertical suspension c1,z
Stiffness of the secondary vertical suspension k2,z
Damping of the secondary vertical suspension c2,z
Stiffness of the secondary transversal suspension k2,y
Damping of the secondary transversal suspension c2,y

Value
35.64 t
4.858 t
1.711 t
55.12 t.m2
1475 t.m2
1477 t.m2
1652.82 kN/m
16.74 kN.m/s
734.83 kN/m
35 kN.m/s
100 kN/m
17.5 kN.m/s

Table 11.4: Mechanical properties of the vehicle

The calibration of the numerical model was conducted through an iterative methodology
based on a genetic algorithm and was performed using a submodelling/multistep approach
[269].
11.3.8 Inputs and outputs of the model(s)
Figure 11.16 shows schematically the inputs and the outputs of the NC data-driven model
that will be developed for substituting the white-box physical model of the Alfa Pendular
train. It is worth noting that the inputs and the outputs of the data-driven model are exactly
the same of the physical one.

Figure 11.16: Inputs and outputs of the data-driven model(s)

Concerning the FC part of the work, the proposed approach is slightly more complicated.
Figure 11.17 shows the relationship between the NC and the FC approaches for estimating
the risk of derailment, indicating the inputs and the outputs of the model.
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Figure 11.17: Inputs and outputs of the proposed NC grey-box model- prediction phase

The right part of the Figure (in orange) is related to NC with the goal to predict the Current
asset status, and is composed of exactly the same logical blocks as in Figure 11.16. This
prediction phase is previously described in Section 11.3.3 (page 171). The left part of the
Figure (in grey) represents the complete FC approach in combination with the NC approach
(in orange). The FC approach is based on historical data and aims at predicting the Future
asset status.
The output of the NC and FC approaches is the predicted risk of derailment (Y and Q forces
and their ratio Y/Q) along the track (or for a specific track section) as a function of
controllable (i.e. that can be available to TMS and retrieved/updated in real-time) and
uncontrollable (i.e. that is only available at fixed regular instants in the past, or as uncertain
nowcasts/forecasts) input data by TMS/Maintenance.
More specifically, NC could provide the current risk of derailment for a specific vehicle for
different vehicle speeds. This provides a decision basis for TMS to reduce the vehicle speed
due to a lower expected risk of derailment. Long-term FC, instead, could provide the
remaining time until a limit of risk of derailment is exceeded. This provides a decision basis
for Maintenance to plan actions (e.g. tamping).
The input data for NC is assumed as known, which means that we have the most updated
data possible which describes the current state of the considered assets (e.g. the track
conditions). Therefore, the application of the NC approach is straightforward as shown in
Figure 11.16.
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Concerning the FC approach, if the time evolution of the input data can be considered as
“constant” (i.e. at the future time considered for prediction, it is assumed that the
conditions of the considered assets will not change with respect to the current state), then
the prediction of the future risk of derailment can be carried out by forecasting historical
data of risk of derailment (see left side of Figure 11.17 in grey). The calculation of these
historical data of risk of derailment can be calculated by the aim of the NC approach applied
to historical known input data.
If the time evolution of the input data is “variable” (the opposite condition with respect to
“constant” evolution), then the prediction of the future risk of derailment can be carried out
by the following two additional steps. The first step is forecasting historical input data in
combination with statistical distribution assumptions for specific input data (e.g. Bayesian
distribution for the evolution of the parameter under examination). The second step is to
use this forecasted input data as input data for the NC approach. Both approaches provide
not only a value for the risk of derailment, but also a confidence interval, which can be
helpful for TMS/Maintenance decisions.
For this specific scenario, the list of the controllable input data for the NC/FC approach is
reported here below:


Vehicle conditions: vehicle speed (by TMS);



Track conditions: irregularities (by Maintenance).

The list of the controllable input data that are considered as “constant” for the proof of
concept of the NC/FC approach within In2Rail is reported here below:


Vehicle information: type, ..;



Vehicle conditions: loading, wheel profiles, …;



Track conditions: rail profiles, ….

Finally, the list of the uncontrollable input data is reported here below:


Track data: layout, inclination, switches, bridges, …;



Track conditions: w/r friction (weather), …;



Environmental conditions: wind speed, temperature, humidity, …

11.3.9 Description of the test site
The test site corresponds to a section of 36 km in the Portuguese Railway Line between
Porto and Lisbon, located between km 300 (GPS coordinates: Latitude 40.8583738850978;
Longitude -8,6111426076862) and km 336 (GPS coordinates: Latitude 41.147959092104;
Longitude -8,5851944568209) and it is indicated in Figure 11.18.
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As previously mentioned, the vehicle in analysis will be the Alfa Pendular train whose
running speed in this section varies between 90 and 160 km/h. Near the arrival at Porto (km
336) the train circulates at 30 km/h.
In terms of track layout, this section is composed by 23 compound curves.

Figure 11.18: Location of test site in Northern railway line
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11.4 Scenario by TRV/LTU
11.4.1 Responsible IM partner and reference person
Partner: Trafikverket (TRV)
Contact Person: Arne Nissen
Email: arne.nissen@trafikverket.se
11.4.2 Objective(s) of the scenario and Relationship with TMS
11.4.2.1 Nowcasting and Forecasting from TMS perspective
The main process planning traffic is found in verksamhetsområde Planering or business
planning (VO PL). The main process Traffic Managing and Traffic is found in
verksamhetsområde Trafikledning or business traffic management (VO TL). These two
modules are shown in Figure 11.19.
VO PL delivers the Production plan approx. 24 h ahead of VO TLs production period. The
production plan is, at early stages, designed according to ideal conditions regarding both
infrastructure and rolling stock.
VO TL imports the production plan (timetable, shunting and track maintenance) and makes a
copy that is called Real Time Traffic Plan (RTTP). The RTTP is the updated plan according to
current process status regarding infrastructure and traffic activities. The RTTP contains in
this stage even detailed information regarding rolling stock, Possessions etc. The outcome of
the RTTP is then delivered to VO PL for follow up and is then compared with the imported
Production plan.
These two processes are combined to assist the concept of nowcasting and forecasting with
the following factors:


for statistics into traffic management;



to combine different disciplines within the Swedish rail administration (VO PL, VO TL
and VO UH);



maintenance demand due to traffic density and characteristics;



maintenance demand according to the use of the infrastructure;



traffic management affected by a feed-back (and forward) loop from/to every
business area (VO PL, VO TL and VO UH).
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Figure 11.19: Traffic Management System (TMS)

The time perspective for the use case (and the time to restoration) can be from a few
minutes up to several months. In the longer time perspectives (more than about 24 hours),
the main user of the information may rather be the production planning department than
the TMS-users. However, the boundary between the needs of the operational control (TMSusers) and the production planning may be dependent on the organization of the IM.
1. TMS-user identify in the production plan that a part of infrastructure is marked as
out-of-order, so that a segment of the infrastructure cannot be used.
Note that from the traffic perspective, the “unusable” infrastructure can be much
larger than the actual infrastructure problem. For example, a problem with an S&C
may give implications for a much larger area, since the faulty S&C can have effects on
which train routes that can be locked, also for train routes that do not directly passes
the faulty S&C. In the traffic plan (train graph) the blocked infrastructure parts are
indicated. For the blocked infrastructure, there is also a forecast of the time until
restoration. There can also be some probability measure corresponding to the
chance that the restoration time will be achieved.
If the production plan is not adjusted to avoid the unusable infrastructure segment
before restoration, the TMS-user makes appropriate adjustments to the production
plan to avoid its usage.
2. TMS-user inspects the traffic that corresponds to the restoration of the infrastructure
and makes appropriate priorities to ensure that restoration time can be fulfilled. If
maintenance traffic is delayed in a way that it also delays the restoration, it is directly
shown in the estimation of the restoration time.
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3. If the infrastructure component is faulty but still usable (e.g. a switch is locked in one
position or a temporary speed reduction is applied over the infrastructure part) then
the error is indicated in the production plan. If relevant, the speeds in the production
plan are adjusted to relevant temporary speed reductions.
4. The TMS-user looks at the estimated “time-to-restoration” for the affected
infrastructure segment.
Complemented with the estimated time, there should also be some uncertainty
information, like time for 95% probability that the problem is restored.
5. The user adjusts the production plan to take the uncertainty of the restoration time
into account.

Figure 11.20: Illustration of failure: Production plan (graphical timetable) with infrastructure failures and
estimated restoration times on a single-track line

11.4.2.2 Objectives of the scenarios
11.4.2.2.1 Nowcasting scenario
The main objectives of the Nowcasting No Failure scenario of S&Cs are:


To identify the condition of switch;



To calculate time to restoration if there is a failure of S&C;



To reduce the probability of risk by sending the train to the best alternative route.

11.4.2.2.2 Forecasting scenario
The main objectives of this scenario is:


To obtain a degradation model of the S&Cs;



To forecast the S&C on different levels;



To schedule the preventive maintenance actions within time bounds.
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Figure 11.21: How Nowcasting and Forecasting could help TMS

11.4.3 Description of the scenario
11.4.3.1 Nowcasting and Forecasting concepts of the scenario
According to discussions in this work package, the following interpretation of nowcasting
and forecasting is suggested:
Nowcasting should be used by the train dispatcher to select the best initial route to be locked
for the train. The best route will be selected by evaluating measurements and estimations of
the asset status giving the probability of each rout to provide the required service. By
extending this analysis to other sections along the complete route to the final destination,
beyond the first locked section, the nowcast transforms into a forecast. The forecast can
further be extended up to more than 18 months into the future.
If the nowcast and the forecast concepts should be converted into the time domain there
are some parameters that have to be considered. Since the train will occupy the track at a
later time the nowcasting has to consider the time between 0 to 10 minutes
(approximately). The length of the time span mainly depends on:


Train length;



Train speed;



Length of the section.

Forecasting needs to be carried out on the sections that are ahead of the locked route. The
time span of forecasting varies after the time span of locked route to several months that
depends on the requirements, length and planning of the train. After locking the first route,
the group of track sections also need to be forecasted of asset condition up to the final
destination for e.g., 1 day. In the diagram shown, the track route extended from T2 to T3 is
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the first level of forecasting. Once this information is sent to the train dispatcher, then the
status of this group of track sections is known that has good asset condition and lower level
of probability of failure. For the second level of forecasting, the length of timespan varies
from 1 day to 14 days. By knowing the condition of the asset prior this long time, necessary
maintenance actions has to be carried out on S&C. For the third level of forecasting, within
time span of 14 days to 18 months, maintenance actions can be carried out as well as
scheduling of the maintenance vehicles also to be intimated to TMS for the appropriate time
planning. This time can also be used to carry out for procuring, logistics and cost effective
solutions.
11.4.3.2 “No Failure” and “Failure” scenarios
Two scenarios have been selected in this project, namely “No Failure” and “Failure”, based
on interviews with staff operating at the train management systems (TMS) at Trafikverket in
Sweden. Both the scenarios are explained in the following text and by Figure 11.23.
In the No Failure scenario, the procedure starts in the diagnostic block. The asset condition
is checked through the condition monitoring to assert the status of individual components. If
the components are operating in good condition, the flow of the process will shift towards
prognostics. The status of the asset is thus monitored by the preventive maintenance
process to reduce the probability of failures in the future. If there are no disturbances
observed in the asset, then the status of the component is fed to the system block where the
nowcasting and forecasting of routes are implemented correspondingly. If there are some
disturbances due to exogenous data, then the value is defined with confidence limits to the
system that performs nowcasting and forecasting of the routes. The asset forecast that
obtains knowledge from the system is given as feedback to the preventive maintenance
block for decision making. In the , the instantaneous nowcasting of the green route is carried
by the interlocking system and the interlocking logic the nowcast up to 10 minutes must be
addressed in the same way as the forecast procedure. The issue with faults that only can be
detected by the interlocking logic can be addressed by introducing test procedures of critical
functions.
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Figure 11.22: Nowcasting and Forecasting of routes

Instead, if there is a Failure in one of the components, the fault diagnosis of that component
is carried out by using isolation and identification. That information is fed to the decision
analysis block to extend the decision. Even there is a failure; the dispatch system intends to
send train through that route. In this case, the safety requirements of that failure is analysed
and will decide whether it is safe to send the train to that route even there is a failure. If that
failure is big enough and critical, the status is checked such that the train will be immediately
stopped for further operation. If there is a possibility to reduce the speed limits of the train
in that route, then respective speed limits are ordered for the train go through that route.
This information is also provided to the train management systems. There is need to correct
the failure by using the corrective maintenance at that component in the route. Some of the
decisions that can be carried out here are maintainability, repair parts, supportability etc. to
maintain the safe state of the route.
In order to allocate the time for carrying out the corrective maintenance actions, a request
for the track time needs to be send to the train management system. This will involve
whether to send a measurement vehicle for diagnosis or carrying out maintenance tasks like
repair or replace the component. The train management systems will confirm the allocated
slot for the maintenance action to the prognostics part. This information is send to the
system for nowcasting or forecasting of the routes with 95% confidence limits.
In both the use cases, the involvement of the train management systems is necessary to
carry out for diagnostics, prognostics, and preventive actions and to carry out nowcasting
and forecasting of the asset. TMS will allocate the time for the respective maintenance
action depends on the status of the asset.
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In order for better communicative handshakes, this implementation of system nowcasting
and forecasting needs to be interacted with the existing time management system in the
Sweden. This system will also send a feedback to the prognosis on the planned and actual
traffic load for the actual outcome of the status of the route. The results of this scenario can
be assed based on the interviews from the traffic management system at Trafikverket. This
assessment can be based on the time-to-restoration, condition of interlocking system,
possibility of speed restrictions etc., if possible, these problems can be further explored in
the future projects.

Figure 11.23: Nowcasting and Forecasting of two scenarios in TMS

11.4.3.3 Switches & Crossings
Two different assets have been selected based on the opinion from the TMS with respect to
the components responsible for the largest disturbance in the train management process.
These are identified as Switches & Crossings (S&Cs) and Track Circuits (TC). Failure of these
components has a larger impact on the planning systems and possibility to lock train routes,
causing disturbing dominant effects in the surrounding network. At this stage, scenario of
nowcasting and forecasting is only focused on switches and crossings for case of no failure.
Switches and crossings is a collective term similar to turnout where S stands for switching
part and C stands for section where the rails are crossings each other. When the switching
mechanism is initiated, the switch blade moves to its opposite position in order to divert the
train in another direction. The switch is considered to be secured when signal from a
completed locking procedure has been received. This means that the switch blade
mechanism is locked in its new position. When the signal has been received by the TMS, the
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asset can be used to create a train route. There are many failures that can cause the
malfunction of the switching procedure. There are also other types of failures that refer to
the detection of the locking mechanism status. This means that in some cases the switch
could be in the right position and locked but still be seen as unlocked switch by the detection
systems. Switches and Crossings are mechanical, electrical and signaling systems in the
railway. The function is to be able to carry trains into two (or more) tracks in a safe way.

Figure 11.24: Illustration of Switches and Crossings

11.4.3.3.1 Failure modes of S&Cs to nowcast and forecast
S&Cs are very important subsystems in the railway that allow the trains to shift from one
track to another. By enabling trains to meet, and allowing slower trains to be overtaken,
S&Cs contribute to achieving a high capacity both on single track as well as on double track
lines. Failure modes for S&Cs can be divided into three categories:


Drive mechanism failure: a failure in the drive mechanisms will disable any
movement of the switchblade. This failure mode is considered as a semi-failure since
the switching function could still be in an upstate if no movement of the switch blade
is required before the locking of the trail route. This requires that the control I
signalling that the blade is in a correct position and locked.



Control circuit failure: if the switch blade is in the right position but the control signal
has failed to detect this, a control failure occurs. For some switch types, it is however
allowed to manually inspect the blade position and pass the switch. Therefore, this
failure could be considered as a semi-failure.



Snow and ice problems during: during winter, the number of failures increases with
up to 50 %. Most of this is related to weather conditions but is also more common
early in the winter that heating element fails.



Cracks: cracks will evolve over time and are dependent on the load cases. If the crack
reaches predefined limits, a failure occurs. Cracks can appear in different parts in the
S&C but especially in the crossing nose where impact forces are high. There is only
measured information on rail and switch rail, but not for the crossing.
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There are different maintenance actions for an S&C. On a short-term basis, the lubrication of
slide chairs can be done every month. In the longer term, surface welding, tamping and
grinding are needed, and are normally done after a period of 1 - 5 years. A very long time
between maintenance is required for the replacing of switch blades, crossing and renovating
of point machines. These are done on a time scale of 5 - 20 years. Most of the maintenance
decisions are taken based on an inspection report. A regular inspection interval might be 1 –
3 months. In some countries, a simplified visual inspection is done every week on the most
important S&Cs.
11.4.3.4 Nowcasting Scenario

As mentioned above, nowcasting can be handled by the interlocking system and interlocking
logic. In the background, two scenarios has been selected and discussed where majority of
the failures happen in the railway infrastructure in general; No Failure and Failure.
Nowcasting for all these cases are mentioned below.

Figure 11.25: Nowcasting scenarios

11.4.3.4.1 No Failure scenario
In case of No Failure, the nowcasting will give the information to TMS whether it is possible
to lock the first green train route within the time interval (nowcast interval) as shown in
Figure 11.22. The asset for this scenario is Switches and Crossings as shown in Figure 11.25.
S&Cs are very important subsystems in the railway that allow the trains to shift from one
track to another. By enabling trains to meet, and allowing slower trains to be overtaken,
S&Cs contribute to achieving a high capacity both on single track as well as on double track
lines. The description and failure modes of switches and crossings have been already
described.
The condition of S&C is assessed by interlocking system whether to send a train by the train
dispatcher for switch S01 as shown in Figure 11.26. Since there is no failure, it is safe to send
the train to that route with a particular probability of failure for switch S11. If nowcasting is
to be implemented at a single switch S11, where several routes that are originating, the
best-chosen route is selected of the switches S21, S22 and S23. It is based on the probability
of failure of each of the switches and it is dependent on the type of switches, reliability,
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remaining useful life and supportability. The status of the S&Cs is provided to the
prognostics for the calculation of next iteration of nowcasting.

Figure 11.26: Switches and Crossings for Nowcasting graphical view

11.4.3.4.2 Failure scenario
In case of Failure of switch S11 (see Figure 11.26), then train should be stopped or speed to
be reduced that depends on the asset condition of Switches and crossings. Since, it is failed,
respective correction action is to be taken whether to send measurement vehicle or carry
out maintenance action. The decision has to be obtained from the Time management
system for allocation of respective action. If one of the switches of yellow one’s are failed
due to degradation or catastrophic failure, then the switch with least probability of failure is
chosen and train to send to that path.
11.4.3.5 Forecasting Scenario
Forecasting can be done using probabilities for failures. So far, Swedish studies have not
come to a clear conclusion on what can be measured to forecast failures in near futures. It is
though clear there are some factors that increase the probability such us number of thrown
per day, bad levelling of S&C, many inspection remarks. There are two scenarios for the
forecasting: No Failure and Failure. For the forecasting scenarios, the asset Switches and
Crossings is selected as shown in Figure 11.27.
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Figure 11.27: Forecasting scenarios

11.4.3.5.1 No Failure scenario
Switches and crossings degrade due to increased load capacity or extreme external
conditions or improper operation by the users. These will fail due to the improper vertical
and lateral forces forced on it by the variable speeds of the trains. The defects on the rail are
also caused by stiffness changes, which occur at fishplate joints and S&Cs. In the perspective
of the train dispatcher, the forecasting needs to be carried out on different levels with
varying ranges of time for the case of Figure 11.28.
In case of No failure, the prognostics of each of the switches and crossings are measured
based on the asset condition. The output of the prognostics is the forecast of the switches
and crossings and forecast of the preventive maintenance action with tolerance limits that
can be scheduled by the train management systems. In case of switches and crossings, the
periodic test procedure also needs to be implemented to assess the working behaviour of
S&Cs and the sensors embedded on it. The calibration of the forecast model is to be carried
based on the actual outcomes of the disturbance, traffic loads, weather and the possible
preventive maintenance actions planned in that sections. For the respective levels of the
forecast like from t1-t2 (10 min-20h), t2-t3 (20h-14 days) and t3-t4 (14 days-18 months), the
strategies are designed respectively for the preventive maintenance actions. In case of t3-t4
per se, the maintenance vehicles can be send to that particular path and proper scheduling
has to be implemented by the TMS system.
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Figure 11.28: Forecasting of S&Cs for different levels

11.4.3.5.2 Failure scenario
TMS needs to allocate the respective maintenance action in the priority basis so that the
asset condition is maintained for Switches and Crossings. The process will follow the same
procedure as in Scenario 1: No Failure and further decision has to be taken. The respective
corrective action is to be taken to maintain the asset in the running condition. The
information is fed to the Prognostics and TMS for future predictions.
11.4.4 Data Sources
11.4.4.1 Trafikverket databases and structure
There are several systems in Swedish railway infrastructure for different types of data and
information.
TFO¨ R: TFO¨ R is the system that has been previously used to collect delay statistics of trains
operated under service led by Banverket. Data is gathered on planned departure and arrival
times per train number and per station, actual departure and arrival times for these stations
and cause reporting the delays that were five minutes or greater. TFO¨ R decommissioned in
2010 and is replaced by “Lupp” and “Here and Now”.
BIS: The track information system BIS describes the whole railway net, where everything
from the curves, the signals, catenary and switches is reported. The information is reported
in the BIS is a snapshot, which means that the BIS cannot see how the infrastructure
changed over time.
Strix: Strix is a measurement carriage used to produce K - values and Q - values. Two
dimensions that measure track position, which in turn is important for passengers’ comfort.
K - values and Q - values can be obtained in a very detailed level, but in this project we have
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only data on K - values and Q - values of a spring and autumn measurement per track
portion.
Optram is a web-based system for analysis of measurement data. Here measurements from
Strix and other food are coordinated. Also some measurements regarding the catenary is
compiled here. The systemis used by managers and entrepreneurs to analyze asset
information from track and catenary. The analysisis used to plan for an optimized
maintenance.

Figure 11.29: Stakeholders on Infrastructure

AGRESSO: Agresso contains information on how much money is spent on di
erent sections of the track, accompanied by a chart of accounts. Here you can see how much
is spent on operations, maintenance, reinvestments and new investments. Data are in
current prices. The operation cost is difficult to distribute to track portion.
BANSTAT: Banstat is a database (where the information is subject to confidentiality) from
which data is retrieved using SQL queries. The information that can be obtained from the
database are: number of trains of different types, number of GT (Gross Ton) for di
erent train types and thus can also a number of train-km and number of gross tonne km be
calculated. Banstat contain large amounts of data, but to get the details of the above,
require a manual process that often occurs within Excel.
OFELIA: In Ofelia records disruptions in infrastructure plants, as symptoms of the bug
reports. Then Ofelia infrastructure failure and problems are recorded and track contractor’s
details of actual cause and what action is performed, the time of appearance and action and
close the failure report.
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BESSY: BESSY is a system for safety and maintenance inspection of the Transport
Administration (former Banverket) permanent facilities. There are also performed
automated ultrasonic inspections to detect cracks and defects in the rails, switches and
welds before they cause broken rails. The results of these ultrasonic inspections are stored in
Bessy.
Rufus (New): Rufus is a new system (2010), where operation and maintenance contractors
should: 1) register the preventive maintenance measures, and 2) re-submit corrected
inspection complaints arising in the inspection system Bessy. The goal of Rufus is to simplify
the reporting of what action is performed and in conjunction with this change, it is thought
that BESSY will focus on the implementation of the surveys.
Daily Graph: Daily Graph contains graphic schedules with information on how the trains are
moving in time and space. There are no digital numbers but only images. Daily graph is
useful because it shows only the trains that run on a particular day, making it much easier to
count the train than in a standard graphical timetable where all days of the week and
variants for different time periods are included in a single image.
Maps: In Maps, information was gathered on train services. Information on delays was
brought from Tfor. Maps has now been replaced by Lupp.
HANNES: HANNES gather information on speed reductions.
RWIS: Swedish Road Administration (SRA) system for weather information. RWIS includes
point values from the measuring stations. The type of information collected is: air
temperature, road surface temperature, dew point temperature, relative humidity,
precipitation type, rainfall and wind speed.
Lupp (New, replaces Train Plan, Opera, tto): Lupe is an internal system that also targeted at
those who need to produce statistics for the trains. Lupp is from January 1, 2010 replacing
TFO¨ R/SAMST and maps as a tool to produce statistics. These systems are phased out
starting in april.
Here and Now (New, replaces TFO¨ R): Here Now is aimed at companies who need to see the
current state of the trains. The company can also do some reporting current train services. In
the system, one can see how the situation is for a particular train, what the situation is at a
certain place, and when delays occur, one can see any reason given for the problem. Here
Now replaces as of November 29, 2009 TFRas a tool for managing the current situation.
DS-analys - is storing information on train movements and thrown of S&Cs. DS-analys is
taking information from the interlocking system
STEG – STEG is used to create “Daily Graphs” which tells were the train should be at different
times. SREG also stores time for maintenance activities.
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TRV (Trafikverket) has over the years have collected huge amounts of data, and it should be
possible to achieve a lot with these data. The information is not readily available and it often
requires a lot of database processing to set up the data sets so that the analysis can be
conducted. But once there, there are more observations than the analysis required. There is
a need of new services like forecasting and nowcasting techniques for the railway assets to
increase capacity, punctuality and other performance indicators. These techniques are used
along with the machine learning algorithms analysis the big data to capture the snapshots of
requirement of maintenance activities at the earliest stages so that the asset will be safe and
robust.

Figure 11.30: Trafikverket databases

11.4.4.2 Available Data Summary
0felia provides failure database, Bessy provides the regular inspections on the switches and
STEG provides the daily graphs of train location and also stores maintenance activities.
This section describes all the data available at the scenario test site that could have a
potential correlation with the variable(s) for S&Cs to be nowcasted.


Nr of failures (All failures);



Track geometry (Maximum deviation (min/max values) for three parts in S&C over 3
years period) Standard deviation for closure panel. (Large section over the S&C);



When it was tamped;



When it was grinded;



Number of maintenance records by Bessy. (Nr of action or Type of action);
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Number of movements per day (Could include data of actual movements last year,
but not for all track sections);



Number of train in straight/diverting route;



Traffic in MGT, number of trains;



Type of S&C;



Age of S&C (Installation date);



Speed of trains (Designed speed);



Climate (Temperature, per hour, 3 years time, 2 stations per track section, 1 years
data about snow (but perhaps not for all track stations)).

11.4.4.3 Data sources possibly available in the future
Many of the failures are not detected until the asset is being operated by the interlocking
system when trying to lock the train route. This means that for some failures, nowcasting
cannot be done before operating the unit. Frequent test procedures could solve this issue
but it has other disadvantages like the introduction of increased wear, cost and reduced
inherit capacity. Another solution for this problem is to introduce additional condition
monitoring systems for detection of different states of critical components in the S&Cs. This
issue is addressed in WP2 in this project. As mentioned above some of the information
required in nowcasting cannot be acquired until the locking command has been sent.
11.4.5 Data access policies
Trafikverket and JVTC are involved for the sharing of the data and further policies are to be
discussed on the defined terms.
11.4.6 Description of Available Data
There are different data types are available from the different databases from the
Trafikverket. The corresponding data types will be defined based on the selection of the
nowcasting variables and its source. This will be defined in the future versions of deliverable.
The data is obtained from August 2014 and stored in different databases from the test site.
The nowcasting algorithms that are developed on the history can be validated on the
ongoing data acquisitions systems by comparing with the predicted data.
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The sample data fields for S&Cs are:
Failure ID

FR00755469

Date and time of failure

2013-01-01 12:50

Time when function is restored 2013-01-02 11:39
Track section

414

Station (abbrev)

KOE

Number (ID) of S&C

201

Type of S&C

EV-UIC60-1200-1:18,5

Subsystem

Heating system

Failure type

Insulation failure

Failure cause

No known cause

Action to restore

Replacement of unit

Winter related

Yes

Table 11.5: Failure reporting from Ofelia database

Station (abbrev)

SPN

Number of S&C

131

Movements per month

54

Number of alarm 1 per month

0.3

Number of alarm 2 per month

0.7

Number of trains in diverging
route (per day)

1

Table 11.6: Train passages , S&C movements and alarms from DS-Analys tool
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Stolpstugan

Number of trains per day

142

Mean weight per train [tonnes]

380

Speed (maximum allowed) [km/h]

200

Table 11.7: Number of trains from Stigfinnaren

Time

2016-03-22 05:59:59

Outdoor T

3.8

Rail T

10.1

Time Snowfall/Rain [s]

0

Table 11.8: Temperature from heating system

Time

2013-08-13::12:28:66

Outdoor T

25

Wind speed

5 km/h

Precipitation

5

O

Table 11.9: Temperature, Wind and precipitation from weather station

Station

Boden

Number of S&C

4

Time

2013-08-13::12:28:66

Minimum height switch panel

0.7350000143051147

Maximum height switch panel

129.55999755859375

Minimum height crossing panel

0.7350000143051147

Maximum height crossing panel

0.0

Table 11.10: Track geometry from Optram (4 times a year)
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Boden

Number of S&C

2

Time of maintenance

Grinding

Table 11.11: Grinding from BIS

Station

Boden

Number of S&C

3

Time of maintenance

Tamping

Table 11.12: Tamping from BIS

Inspection ID

2014-414-1001

Track section

414

Priority

M

Status

Finished

Proposed action date

2014-08-25

Date for action

2014-05-27

Date of inspection

2014-05-27

Type of inspection

U

Station

spn-spn

Track

n

Track number

1

S&C number

132

S&C type

EV-UIC60-760-1:15

Component

Throw bar

Remark

Not correct adjusted

Action proposed

Adjustment

Table 11.13: Maintenance and inspection from Bessy
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Name

SMHI

Unique ID

N/A

Description

SMHI is a government agency under the Environment and Energy
Department with the mission to be an expert authority on
meteorology, hydrology, oceanography and climatology.

Data owner

SMHI

URL of the owner

www.smhi.se

Other information

Weather, water and climate crosses all boundaries, and therefore
cooperates SMHI with many Swedish and international organizations
for both the daily output further development and research.
Table 11.13: Exogenous data from weather station

11.4.7 Description of Available Physical models
A reliability model that can be used for inspection remarks and failures is a
nonhomogeneous Poisson process (NHPP). The non-homogeneous Poisson-process is used
for repairable systems where the condition after repair is as bad as old, that is, the repair
does not change the condition of the system. The probability of failure is the same as just
before the repair. The physics-based models for S&Cs can be taken from WP6. If there is a
delay in obtaining the physical model, this scenario can still use the data driven methods for
nowcasting.
11.4.8 Inputs and outputs of the model(s)
The following variables are required to assess the status of the switches and crossings: Level,
alignment, curvature, speed and track type. The different input variables that can be
selected for nowcasting purposes are mentioned in Section 11.4.6.
For switches and crossings, the probability of failure of the component is the output variable
to be forecasted.
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Figure 11.31: Inputs and outputs of data-driven model(s)

11.4.9 Description of the test site
The test site 119 from Lulea to Boden is provided and nowcasting of the S&Cs can be
implemented, test and validated at this site. The track section 119 is a 34 km section of
single track consisting of six meeting stations from Boden to Luleå. Two of these six meetings
are allowing for passenger exchange. The traffic consists of both passenger and goods traffic,
and have an annual volume corresponding to approximately 23 MGT. On average about 50
trains pass the section daily, including ore trains with an axle load of 30 tonnes, freight trains
with axle loads of 22.5 – 25 tonnes, and passenger trains. The speed varies from 50 km/h for
loaded ore trains up to 140 km/h for the passenger trains.
The project is implemented on the web portion 119 between Boden and Luleå is based on
industry cooperation between the Railway Technical Centre at Luleå University and railway
undertakings and maintenance contractors. The intention is to create a common platform
for maintenance information, where refined and tailored information is available that
provides a comprehensive view of the state of the transport system. Based on data gathered
designed decision support for maintenance. Corrective maintenance that takes place before
a failure occurs is 3-10 times cheaper than corrective maintenance, which allows after an
error occurred. In addition to corrective maintenance is much more expensive than
prevention as it causes also operational disturbances, train delays and shortens the life both
on the court and on vehicles.
These parties have different requirements for collecting data for maintenance decision
support. The infrastructure manager needs information about how the section is operated in
terms of amount of trains and axles, train speed and actual axle load, vehicle characteristics,
but also data about asset condition and the degradation rate. The traffic operator needs
condition monitoring information, e.g. trend data for wheel degradation.
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Figure 11.32: Test Site 119 from Lulea to Boden
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11.5 Scenario by SR/DLR
11.5.1 Responsible IM partner and reference person
Partner: Strukton Rail Netherlands (SR)
Contact Person: Henk Samson
Email: henk.samson@strukton.com
Phone: +31 (0)30 240 72 00
Contact Person: Edin Hadzic
Email: edin.hadzic@strukton.com
Phone: +31 (0)30 240 72 00
Partner: Deutsches Zentrum für Luft- und Raumfahrt e.V. / German Aerospace Center (DLR)
Contact Person: Beate Dutschk
Email: beate.dutschk@dlr.de
Phone: +49 531 295-3659
11.5.2 Objective(s) of the scenario and Relationship with TMS
The main objective of the scenario is to be able to detect anomalies of switch movements by
performing data exploration on power consumed by switch movements. Data analysis will
aim at gaining more knowledge and insight in the power consumption and behavior in
relation to different possible failure modes. The basic information used for this task will be
the measured current of the switch engine needed for moving the switch blades from one
position to the other position, although possibly some additional available data will be
exploited (see Section 11.5.4 page 208).
A form of nowcasting is given by the detection of failure modes by data mining techniques.
The result will be the knowledge of suitable characteristics of the current graph to focus on
for nowcasting from the historical data. With this information, the interpretation of the data
could be improved, further assessed, and could support the further development of a model
for determining the switches status, which could be an input for the TMS as shown in Figure
11.33.
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Figure 11.33: How the modelled scenario could help the TMS

11.5.3 Description of the scenario
Due to the introduction of new monitoring techniques in the railway context, more and
more data sets will become available in the nearby future, which can be analyzed to provide
useful information on the status of the assets to the TMS. Within the rail infrastructure
network, switches are considered as critical elements, since in case of failure they represent
one of the main reasons for line unavailability resulting in increased fuel costs, crew
expenses, maintenance and repair costs, and generally in a negative impact on reputation
and revenues.
In order to decrease failures further, the knowledge of possible uprising changes in the
switches status is crucial. Therefore, this scenario focuses on the design and development of
nowcasting and forecasting methodologies for switches.
The nowcasting and forecasting models will exploit mainly monitoring data in order to gain
knowledge to improve the switches availability. One monitoring device for switches is e.g.
POSS (Preventive Maintenance and Fault Diagnosis System) by Strukton, which records the
measurement of the power consumption of the switch engine for each switch movement.
Other useful data will include maintenance data, failures data and possibly asset usage data
(e.g., number of movements, number of trains passed over the switch, etc.).
Nowcasting will be performed by analyzing data in order to improve the general
understanding of the relationships between power consumption and asset degradation, and
to detect the different failure modes from current measurements.
Forecasting will try to push further this analysis by exploiting the extracted knowledge in
order to provide a probability of future failure for each asset.
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11.5.4 Data Sources
For this scenario, several datasets are used coming from several sources, which are
described in this section. The most important data source is POSS switch monitoring system.
11.5.4.1 Switch Monitoring data
The POSS system can be used to monitor rail assets such as switches, train detection
systems, level crossings, etc. The monitoring data are presented in a universal format and
can be reviewed via the Internet. This data is stored in a POSS database, which includes data
from many (thousands) switches related to many years.
For this scenario, the data used is collected from a period of 2 years from 19 switches with a
single electrical engine. These switches are of type NSE (a DC powered electrical engine).
11.5.4.2 Failure data
Historical datasets regarding the recorded failures will be provided by Strukton Rail.
11.5.4.3 Maintenance actions data
Historical datasets regarding the maintenance activities will be provided by Strukton Rail.
This data is collected by Strukton Rail but commissioned by ProRail (Dutch rail infrastructure
manager). Data is originally stored in a Maintenance Management System.
11.5.4.4 Usage/Load data
An additional dataset, the Load data will be provided. This data is generated by ProRail, the
Asset Manager. This data is mainly related to the usage conditions of the assets, and
includes information about the number of trains that passed over the switch, their weight,
etc.
11.5.5 Description of Available Data
The main data that will be used for the purposes of this scenario is switch monitoring data
collected by POSS, in addition to data about switch malfunctions. Moreover, for further and
deeper analysis and understanding of the asset status, additional data is provided like loads,
maintenance actions, type of the switch, type of the sleeper and more information (see
section 11.5.5 page 208).
11.5.5.1 Switch Monitoring Data
POSS captures the current value in Ampère (A) whenever the device that is monitored needs
to perform its action in the process. In case of switches, the considered current is the one
consumed by the switch engine while making a switch movement. Each movement is
sampled with a frequency of 50Hz, so every 0,02s a new current value is available.
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The data used for this scenario is related to 19 representative switches in the Netherlands,
and contains measurements from all the switch movements between 2013 and 2015.

Figure 11.34: Example of a POSS graph showing a normal switch movement

Figure 11.35: POSS graph of the same switch showing defect engine

Graphs shown in Figure 11.34 and Figure 11.35 are examples of a good and smooth switch
movement vs. a defect switch engine. Even with a defected engine, the switch movement is
still finished in this case, so the TMS operator will not detect any problem while the engine
will stop working soon. This is an extreme example of a failure mode that in some cases can
also be detected with POSS system.
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The following table shows the SR switch monitoring data fields.
Name

Description

ObjectID

POSS database asset (switch) ID

Measurement Date and
Time

Time stamp of switch movement

Temperature

Temperature measured in °C

MeasurementID

Unique POSS-database identification number of a switch
movement

Direction

States to which side the switch movement was carried out

Current values

Sampled values of the current of the switch movement in A
Table 11.14: SR Switch Monitoring data fields

11.5.5.2 Failure Data (incidents)
This data is collected based on incidents and failures of the assets. For each failure there is a
record containing the basic information of the incident as described in Table 11.15.
Name

Description

Description of registration
type

Categorized problem identification / description

Date-Time of notification

Date when failure is reported

Date-Time function restored

Date time stamp when the asset can be used again

Part code / part description

Affected part of the malfunction

Failcause main group

What has caused the problem (classification of the
failcause)

Failcause code

Code (number) to classify the failcause

Failcause description

Description of the failure according to the failcause code

Action carried out

Action carried out to restore the function (categorized)

Action number

A more simplified view of the action carried out (coded)

Short description of the
taken action

Includes more detailed information about the action to
restore the function
Table 11.15: Failure data fields
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11.5.5.3 Asset static Data (SR)
This data is related to the characteristics of the asset under examination, its location on the
network and the surrounding assets (e.g. sleepers). This data will be useful in order to
distinguish between different types of assets and different types of environments. The
variables included in this dataset are shown in the following table.
Name

Description

Type of switch
Engine

States if the switch is a left hand, a right hand or a double slip switch

Type of sleeper

States the type of sleeper

Switch angle

States the angle of the switch expressing the length

Construction type

States the construction type if the switch has two or four switch
blades

Slide chair type

Type of the slide chair construction where the switch blade is gliding
over

Date of purchase

Date when the switch was purchased
Table 11.16: Asset static data fields

11.5.5.4 Load Data (Optional)
Load data is labelled as optional since it is not available in a punctual fashion, but only in an
aggregated one. It is related to the traffic that travelled over the asset under examination.
The fields composing this dataset are described in the following table.
Name
Total movements
Total trains passed
Total tons
Total trains measured
Track classification
Signaling classification
Total days measured
Year of measurement

Description
Total movements of the switch blades
Number of trains which passed the switch
Total weight in t the switch was stressed with
Number of measured trains which passed the switch
(estimation)
Classification of track calculated with a specific formula based
on the load
Classification of the signalling calculated with a specific formula
(load of switch engine itself)
Days on which a measurement was taken (can differ from a
year’s number of days)
Year of the measured loads
Table 11.17: Load data fields
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11.5.6 Data access policies
Data will be provided anonymously, meaning that no specific switch name will be provided
regarding the operational service. All the references to the real data, like switch names and
area, are anonymized in order to avoid privacy and security issues.
All the data for this scenario is property of SR, and will be shared only with DLR for research
purposes only, to accomplish the objectives of WP9 Task 9.1 nowcasting and 9.2 forecasting
asset status.
The data should be kept anonymous, not being referred publicly details of the reasons,
activities and methods performed. It can be assessed case by case if publications are desired.
No fees are requested.
Acknowledgements on publications are requested, that is, the provider of the data request
to be informed of the intention to publish and which specific explicit references to the data
origin are foreseen.
11.5.7 Description of Available Physical models
Not applicable.
11.5.8 Inputs and outputs of the model(s)
Figure 11.36 shows the inputs and the outputs of the nowcasting approach of the scenario
described in section 11.5.3. In detail, the inputs for this scenario are the historical POSSswitch movement data and data about failures. Some additional information is used for
better understanding of the switch behavior, like maintenance actions, switch preferences
and information about the load. Another input is also domain knowledge of the switches
and functional model, which together will provide significant input for understanding of the
models and the switch current as a representative for the asset’s status.
The output results in a nowcasting of possible problems by detecting anomalies. Also the
knowledge of the relevant parameters within the POSS-data to determine the asset status
better. This knowledge is yet again input for forecasting algorithms of these failure modes.
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Figure 11.36: Inputs and outputs of the analyses for the detection of switch failure modes of the switch
current

The asset status and the nowcasted or forecasted failure mode represent the outputs of the
scenario, detected on the switch engines from the current of the switch movement.
Moreover, another important output of the scenario will be the assessment of additional
information that might be useful for a better analysis. These outputs will be “translated” for
usable asset status representation, as defined in Deliverable 9.1 of the In2Rail project.
11.5.9 Description of the test site
Strukton Rail monitors about 900 switches using POSS system. Many of these switches are
not of the same type as the ones used for this scenario. Approximately, 85% of the
monitored switches have the same engine as the ones selected for this scenario. About 40%
provide the same graph, so the data coming from these switches can be directly tested. For
the data coming from other switches needs first to be pre-processed before tested using the
model. For testing and validation purposes, all switches being monitored by Strukton Rail
can be used. This way the most of the known failure modes occurred on other switches,
beside the ones used for this scenario, can be used for the test.
Data can be provided to test scenario and findings, although the information of switch
identification will be anonymized.
Each detected failure will be tested and validated on other datasets.
Based on historical malfunction data, the findings will be tested on detecting the failure
mode. Additionally, algorithms can be tested for now- and forecasting these failure modes.
All the tests will be performed by computer simulations (with historical data and expert
judgement).
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11.6 Scenario by SR/UNIGE
11.6.1 Responsible IM partner and reference person
Partner: Strukton Rail Netherlands (SR)
Contact Person: Henk Samson
Email: henk.samson@strukton.com
Phone: +31 (0)30 240 72 00
Contact Person: Edin Hadzic
Email: edin.hadzic@strukton.com
Phone: +31 (0)30 240 72 00
Partner: University of Genoa (UNIGE)
Contact Person: Luca Oneto
Email: luca.oneto@unige.it
Phone: +39 010 353 2192
11.6.2 Objective(s) of the scenario and Relationship with TMS
The main objective of this scenario is to forecast possible failures of assets based on the
correlation of past asset failures and past weather conditions or maintenance actions, in
particular considering a set of different infrastructure assets selected as the most relevant
ones from the TMS perspective11. Moreover, for the same set of assets, an analysis will be
carried out about the “time to restoration” (or “repair time”) needed to restore the asset to
a proper functional state after a specific failure or a malfunction occurred. The analysis will
try to develop a forecasting methodology able to estimate in advance the precise repair time
once a problem on an infrastructure asset arises.
Therefore, this scenario aims at designing, implementing, testing and, at a future stage,
validating a set of predictive models for forecasting purposes, based on data provided by SR
about maintenance, weather, asset usage and malfunctions. The problems that will be
investigated (and for which a forecasting model will be developed) are:
1.

Correlation and influence of executed maintenance actions on malfunctions;

2.

Correlation and influence of the weather conditions on malfunctions;

3.

Estimation and prediction of time to restoration for different assets and different
failures and malfunctions.

11

Assets will be enlisted further in this chapter. For more information, see Deliverable 9.1 of the In2Rail project.
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Figure 11.37: How the forecasting models could help the TMS

As shown in Figure 11.37, the information outputted by the models can be very useful for a
TMS, since it could allow assessing the availability of the network in a more precise way,
which takes into account not only the mere traffic occurring along a particular line, but also
the real infrastructure assets status. Moreover, the same information could be used by the
TMS to reroute trains through safer paths, minimizing the risks of any problem.
Obviously, the information from the first and the second types of analysis could be used by
the maintenance department in order to schedule proper maintenance actions that could
prevent additional or worst problems. This would also allow increasing the reliability of the
infrastructure and the availability of the network.
11.6.3 Description of the scenario
Every time an infrastructure asset is affected by a failure/problem, it is clear that this will
affect not only the single asset functional behavior, but also the normal execution of railway
operations. The functional behavior of railway infrastructure assets degrades for many
different reasons: age, extreme weather conditions, heavy loads, and the like. For example,
the influence of snow on switches is critical, in particularly when switch heating is not
functioning properly. Even worse, when there is wind in combination with snowfall, the
assets belonging to a specific area can be significantly affected. Additionally, problems can
be introduced unknowingly by performing maintenance actions, for example by a simple
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human error or as a reaction of the system to changes made on an object. For instance,
some maintenance activities (e.g. tamping or ballast dumping) performed close to a switch
can change the track geometry, so other parts of this asset must be adjusted to the new
situation.
For these reasons, this scenario aims at investigating two among all the factors that might
affect the degradation of assets, and at designing and developing new forecasting
methodologies by exploiting data-driven predictive techniques.
This scenario considers a set of assets that are identified in Deliverable 9.1 as the most
relevant for TMS12:


(1) Switch;



(2) Crossing;



(3) Track (Rail);



(7) Embankments;



(8) Line Section;



(9) Level crossing.

The two problems that will be analyzed are:
1. Correlation and influence of executed maintenance actions on malfunctions;
2. Correlation and influence of the weather conditions on malfunctions.
The goal of the first analysis is to assess the correlation between the performed
maintenance actions and the subsequent failures on the asset for which maintenance had
been carried out. A set of predictive models able to forecast the probability of failures for a
particular asset will be developed based on the data provided by SR about performed
maintenance actions, asset usage information (e.g. number of trains transited over a switch)
and malfunctions. For instance, the goal is to be able to predict the probability that an asset
will be affected by a problem by providing as an input to the model the information about
the future planned maintenance operations.
The objective of the second analysis is to investigate correlations between malfunctions and
weather conditions, which could severely affect the functional behavior of the assets. In this
case, the predictive models that will be studied will estimate the probability of failure for a
particular asset based on the data provided by SR about historical weather conditions, asset
usage information (e.g. number of trains transited over a switch) and malfunctions. For
instance, the goal is to be able to predict the probability that an asset will be affected by a

12

The numbers correspond to the ones used in Deliverable 9.1.
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problem by providing as an input to the model the information about forecasted weather
conditions.
It is worth notice that, in both cases, simulations exploiting the forecasting models would
allow identifying the most vulnerable assets.
Additionally, a third analysis will be carried out, which will investigate the:
3. Estimation and prediction of time to restoration for different assets and different
failures and malfunctions.
In other words, the objective of the third analysis is to estimate the time to restoration for
future (planned) and urgent maintenance actions by looking at the past maintenance
reports, correlated to the different assets and different types of malfunctions. The predictive
models that will be designed will be able to exploit the knowledge enclosed into
maintenance reports so to predict the time needed to complete a maintenance action over
an asset in order to restore its functional status. This information will help the TMS in
properly assessing the availability of the network, for example by estimating the time at
which a section blocked including a malfunctioning asset will become available again.
11.6.4 Data Sources
For this scenario, several datasets are used coming from several sources:


Weather condition: data retrieved from the Royal Netherlands Meteorological
Institute (KNMI);



Maintenance/repair actions: historical datasets regarding the maintenance activities
(including their duration) will be provided by Strukton Rail. This data is collected by
Strukton Rail but commissioned by ProRail (Dutch rail infrastructure manager). Data
is originally stored in a Maintenance Management System.
In addition to the malfunctions, extra information can be added to better quantify
the malfunctions in relation to occurred delays or affected trains. This information
could be provided by Asset Manager, ProRail;



Failure/Malfunctions: historical datasets regarding the recorded malfunctions will be
provided by Strukton Rail;



Usage/Load: an additional dataset, containing the Load data, will be provided. This
data is generated by ProRail, the Asset Manager.

In order to perform a statistical analysis and to create forecasting models, a large amount of
historical data is needed.
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11.6.5 Description of Available Data
Maintenance and Malfunctions data sets used for this scenario are collected and provided
for a period from year 2010 to 2014.
As already said, the data refers to a specific group of assets that are identified in Deliverable
9.1 as the most relevant for TMS13, i.e. (1) Switch, (2) Crossing, (3) Track (Rail), (7)
Embankments, (8) Line Section, and (9) Level crossing.
The (approximate) amount of objects related to the research in this area and used for the
scenario is:


350 Switches & Crossings;



200 km Track (Rail);



All Embankments next to the track;



700 Line Sections;



35 Level crossings.

Dataset with recorded historical weather conditions forms a period from 2000 to 2014 and
contains many different variables.
Note that ObjectID’s in the datasets are unique ID’s of each asset involved in the dataset and
can be used to correlate with the same objects used in other datasets. This means that an
object-ID represents the same object in all different datasets.
Further details about the available data are provided in the following subsections.
11.6.5.1 Weather Condition data and format
This dataset contains daily weather conditions recorded on many different weather stations
across the Netherlands. For this scenario, only the data measured by three weather stations,
in particular the closest to the analyzed area and assets, will be used for actual analysis.

13

The numbers correspond to the ones used in Deliverable 9.1.
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The available data fields are described in Table 11.18.
Field Name

Description

STN

Weather Station number (see Weather Stations file)

YYYYMMDD Date (YYYY=Year; MM=month; DD=day)
DDVEC

Vector Average wind direction in degrees (360 = north, 90=east;
180=south;270=west, 0=no wind/variable)

FHVEC

Vector Average wind speed (in 0.1m/s)

FG

day Average wind speed (in 0.1m/s)

FHX

highest hour average wind speed (in 0.1m/s)

FHXH

hour in which FHX was measured

FHN

lowest hour average wind speed (in 0.1m/s)

FHNH

hour in which FHN was measured

FXX

highest wind blast (in 0.1 m/s)

FXXH

hour in which FXX was measured

TG

day Average temperature (in 0.1 degrees Celsius)

TN

Minimum temperature (in 0.1 degrees Celsius)

TNH

hour in which TN was measured

TX

Maximum temperature (in 0.1 degrees Celsius)

TXH

hour in which TX was measured

T10N

Minimum temperature on 10 cm altitude above ground (in 0.1 degrees
Celsius)

T10NH

6-hours window in which T10N was measured ; 6=0-6 UT, 12=6-12 UT,
18=12-18 UT, 24=18-24 UT

SQ

Sunshine duration (in 0.1 hour) calculated frm global radiation (-1 for <0.05
hour)

SP

Percentage of the maximum possible sunshine duration

Q

Global radiation(in J/cm2)
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Field Name

Description

DR

Duration of the rainfall (in 0.1 hour)

RH

daily sum of the rainfall (in 0.1 mm) (-1 for <0.05 mm)

RHX

Highest hour-sum of the rainfall (in 0.1 mm) (-1 for <0.05 mm)

RHXH

hour in which RHX was measured

PG

day-average air pressure reduced to sea level (in 0.1 hPa) calculated from 24hours value

PX

Highest hour-value of the air pressure reduced to sea level (in 0.1 hPa)

PXH

hour in which PX was measured

PN

Lowest hour-value of the air pressure reduced to sea level (in 0.1 hPa)

PNH

hour in which PN was measured

VVN

Minimum occurred sight (0: <100 m, 1:100-200 m, 2:200-300 m,..., 49:49005000 m, 50:5-6 km, 56:6-7 km, 57:7-8 km,..., 79:29-30 km, 80:30-35 km,
81:35-40 km,..., 89: >70 km)

VVNH

hour in which VVN was measured

VVX

Maximum occurred sight (0: <100 m, 1:100-200 m, 2:200-300 m,..., 49:49005000 m, 50:5-6 km, 56:6-7 km, 57:7-8 km,..., 79:29-30 km, 80:30-35 km,
81:35-40 km,..., 89: >70 km)

VVXH

hour in which VVX was measured

NG

day average overcast (coverage of the upper air into eighths, 9=sky is
invisible)

UG

day average relative humidity (in %)

UX

Maximum relative humidity (in %)

UXH

hour in which UX was measured

UN

Minimum relative humidity (in %)

UNH

hour in which UN was measured

EV24

Reference Crop Evaporation (Makkink) (in 0.1 mm)
Table 11.18: Weather condition data fields
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11.6.5.2 SR Maintenance Data and Format
Maintenance data is extracted from Maintenance Management System and recorded by SR.
Each Service Order is unique by order number and contains basic information of the object
(location and name), maintenance activity and its ID. To improve analysis performance, each
activity is provided with additional information called Activity Main Group. This information
gives more information and the importance about the action executed, for instance was it
the Revision of the Asset or Regular maintenance or Temping etc.
The following list shows the subdivision of maintenance activity by its nature:


Revision;



Replacements;



Light Maintenance;



Regular Maintenance;



Regular Maintenance-Plus;



Grinding;



Ballast;



Tamping;



Welding;



Lubrication;



Switch heating;



Not defined but important;



Drainage;



Fire Protection Objects.

Some activities can have more influence than others can. With this clustering, the most
significant groups can be identified, even if the activity is called differently in other areas or
countries.
Each Service Order for each (significant) maintenance action is available in the dataset
together with the data fields described in Table 11.19.
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Name

Description

Servic-Order Number

Service Order number; unique ID within the
Maintenance management system referring to
the job executed

ActivityID (Maintenance intervention)

The ID of the maintenance activity name

Activity Main Group

The main group of the activity; What kind of
maintenance has been done

Quantity

The quantity of executed units (#sleepers fixed;
Ton ballast added etc.)

Unit

Unit for expressing the quantity was expressed
(like peace’s (STS), Tons etc.)

Geocode

Geo code; geographical location-area

Equipment

Unique ObjectID; Unique ID of the asset on
which the maintenance was executed;

km-v_Object

Start- km-location on track; will be used to get
GPS location

km-t_Object

End- km-location on track; will be used to get
GPS location

TopAsset GroupName

Main Object Type (like Switch)

ObjectType

Object Type on which the maintenance was
executed (like Switch engine, Level-Crossing,
etc.)

Date_Realization

Date when the maintenance was executed

Year_Realization

Year when maintenance was executed
(extracted from Date_Realization)

Month_Realization

Month when maintenance was executed
(extracted from Date_Realization)

Week_Realization

Week when maintenance was executed
(extracted from Date_Realization)

Technical department

Code for the technical department involved in
executed activity

Status Order

Order Status (Executed; Partly Executed)

Maintenance Description (only
addition if necessary for validation)

in Text which explains the executed maintenance
activity

Table 11.19: Maintenance Actions data fields
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11.6.5.3 Failure incidents Data
When an asset is not working, i.e. not performing its function as designed, the Train
operator makes a notification, which is recorded in a database, together with the
information of its cause. Relevant data fields related to this malfunction/failure data are
described in Table 11.20.
Name

Description

ObjectID

Unique ID of the asset which failed

Description of registration Name of maintenance activity executed in order to restore
type
asset function
Date-Time of notification
Date-Time
restored

Date and Time when failure was reported

function Date and Time when the failure was fixed and function of the
asset restored

Failed part code / part Affected part of the malfunction
description
Fail cause main group

Main group of the failure cause; like Mechanical problem
(Infra) or vandalism (Others)

Fail cause code

Standardized number of the fail-cause

Fail cause description

Description of the failure cause; Standard text

Action carried out

Description of the action taken to solve the problem

Action number

Standardized number of the action taken (many numbers
correspond to 1 description)

Short description of the Description of the action taken in order to solve the failure
taken action
Impact on train delays

When available; the impact on the trains (#trains delayed)
Table 11.20: Malfunction/Failure data fields
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11.6.5.4 Failure data for Repair times
In order to analyze repair times, additional data has been added to the failures. This
additional data mostly applies to the Time in different steps of the failure reparation
process.

Name

Description

Contract Area

Area which indicates the team responsible for the failure
restauration

Urgency-Code

A numerical code that indicates the urgency of the failure.
This indicates when the failure has to be fixed. 2 means it
has to be resolved 1:45 after it was reported

Geo-Code

The code of the Geographical location of the failed asset

Km-Location

Better localization of the failure location on the track

Failure-Type

generically classification of the (main) problem

Object-Type

The main type of the asset (like Swithc, Track)

Reference-number_SR

Reference ID (internal Database number)

Technical_Department

Department responsible for fixing the failure

DT_notification

Date and Time when failure was reported

DT_Mechaninc_on-location

Date and Time when the repair team was on the site /
location

DT_Starting-repair

Date and Time when the repair team started fixing the
problem

DT function restored

Date and Time when the failure was fixed and function of
the asset restored

DT_1st-Forecast was given

Dat-Time when the first (soft) forecast of the repair-time
was given

DT_1st-Forecasted_Functionrestoration

Dat-Time (1st) forecasted repair time; Estimated time
when the function will be restored. Mostly is this the final
estimation

DT_2nd(Hard)-Forecast
given
GA 635900
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Name

Description

DT_2nd(Hard)Forecasted_Functionrestoration

Dat-Time of the (hard) forecasted repair time; when the
function will be restored

DT_Repair_wanted

Date and Time the problem to be fixed as notified by the
train operator. Only for urgency 5.

Year

The Year when the problem was reported (extracted from
the date)

Month

The month when the problem was reported (extracted
from the date)

ResponceTime(min)

Responce time in minutes; calcullated difference between
[dt_notification] and [DT_Mechaninc_on-location]

RepairTime(min)

Responce time in minutes; calcullated difference between
[DT_Mechaninc_on-location] and [dt_function-restored]

Function_restorationTime
(min)

Total repair-time in minutes; calcullated difference
between [dt_notification] and [DT_function_restored]

Part_Code

Failed part code / Failed part number

Part_description

Standardized description of the failed part

Action carried out

Description of the action taken in order to solve the
problem

Action number

Standardized number of the action taken (many numbers
correspond to 1 description)

Failcause_main_group

Main group of the failure cause; like Mechanical problem
(Infra) or vandalism (Others)

Failcause_code

Standardized number of the fail-cause

Failcause_tekst

Failure cause; Standard text

Installation_Type

tekst identifying the main installation type; not that much
important
Table 11.21: Failure data fields for Repair times

This dataset is available from several areas where Strukton Rail is responsible for the
maintenance. Due of the completeness of the data on different areas, the availability is
slightly reduced and the data is from 2011 to 2015.
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11.6.5.5 Optional data source: Load/Usage data (aggregated per year)
Load data is labelled as optional since it is not available in a punctual fashion, but only in an
aggregated one. It is related to the traffic that travelled over the asset under examination.
The fields composing this dataset are described in Table 11.22.
Name

Description

ObjectID

Unique ID of the asset

Total cycles

Total movements of the switch blades in both directions

Total trains passed

Number of trains which passed the switch

Total tons

Number of tons the switch was stressed with

Total trains measured

Number of measured trains which passed the switch

Total trains estimated

Number of estimated trains which passed the switch

Total trains calculated

Number of calculated trains which passed the switch

Total trains unknown

Number of unknown trains which passed the switch

Track classification

Classification of track calculated with a specific formula

Signaling classification

Classification of the signalling calculated with a specific formula

Total days measured

Days on which a measurement was taken (can differ from a
year’s number of days)

Year of measurement

Year of the measured loads
Table 11.22: Load/Usage data fields

Unfortunately, we cannot get the access to detailed train delays data. We only have partly
(last 2 years) aggregated data of the affected trains within the failures dataset (when
applicable).
11.6.6 Data access policies
Data will be provided anonymously, meaning that no specific asset name will be provided
regarding the operational service. All the references to the real data, as object/asset names
are anonymized in order to avoid privacy and security issues.
Historical Malfunctions and Maintenance data used for this scenario is property of Strukton
Rail Netherlands, and will be shared only with University of Genova (UNIGE) for research
purposes, so to accomplish the objectives of WP9 Task 9.1 nowcasting and 9.2 forecasting
asset status.
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The data should be kept anonymous, not being referred publicly details of the reasons,
activities and methods performed. It can be assessed case by case if publications are desired.
Weather data is public and may be shared according KNMI policy.
Any data coming from ProRail used should be kept anonymous and not being shared.
Acknowledgements on publications are requested, that is, the owners kindly request to be
informed of the intention to publish and which specific explicit references to the data origin
are foreseen.
11.6.7 Description of Available Physical models
There are no physical models available.
SR will provide domain knowledge and understandings when interpreting the results and
validating forecasting.
11.6.8 Inputs and outputs of the models
Figure 11.38 shows a simple diagram correlating inputs of the data-driven models, the
models themselves and the output of these models.

Figure 11.38: Inputs and outputs of the scenario
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These data-driven models are generated using an historical set of data. The inputs of the
first model are the historical records of the maintenance activities performed on the assets,
the historical records of malfunctions, and the optional historical usage/load data and train
delays data. Once the model will be built upon the available data, it will be possible to
predict the probability of failure of assets by providing to the model the planned future
maintenance actions for each specific asset included in the dataset.
Regarding the second model, the inputs are the same as the ones exploited by the first
model, except for the historical records of maintenance activities. In addition, historical data
about weather conditions is used to generate the model. The output of this model is the
probability of failure of assets based on the weather forecasts related to the area where the
assets are installed.
Finally, the last model will exploit historical maintenance records data, including the time
needed to complete each maintenance operation, in order to predict the time needed to
repair an asset. A multivariate regression model will be built upon past records so to be able
to estimate the time needed to complete each different maintenance action on every
different infrastructure asset.
11.6.9 Description of the test site
Data is used from a main area of the Dutch railway network. This will also be used for testing
purposes, although this information will be anonymized in the results for privacy and
security concerns.
For analysis and research purposes, data from a period of 5 years is available. Within this
period, findings and predictions can be tested on the actual data.
For the part 1 of this scenario, the planning of the maintenance activities can be used as
input for the test. Data is coming from the investigated area, but for verification purposes,
planning from the other areas can be tested as well.
For the part 2 of this scenario, expected weather conditions can be used form public sites
and tested on the designated area.
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11.7 Scenario by SIE
11.7.1 Responsible IM partner and reference person
Partner: Siemens AG (SIE)
Contact Person: Stefan Wegele
Email: stefan.wegele@siemens.com
Phone: +49 531 226-4521
11.7.2 Objective(s) of the scenario and Relationship with TMS
The main topic included in this scenario is the “nowcasting of train characteristics required
for runtime calculation”.
The runtime calculation is a function inside of Traffic management system used for
calculation of estimated arrival times, of estimated blocking times of track sections, and of
simulation results provided by decision support systems.
In order to calculate running times through tractive forces, resistance forces and the
resulting acceleration/deceleration rates, many parameters have to be estimated using
physical measures depending on the train characteristics, environmental factors, etc.
Since the estimation of these parameters is quite rough, the goal of this scenario is to
estimate parameters of the currently moving train by observing its behaviour. As initial
values for the estimation train parameters from the planning phase can be used, if the
assignment of the rolling stocks to the trains is known.

Figure 11.39: How the nowcasting models could help the TMS

The relationship between estimated train parameters, calculated runtimes and their
exploitation by the TMS is depicted graphically in Figure 11.39.
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11.7.3 Description of the scenario
11.7.3.1 Background
The runtime calculation is a function inside of Traffic management system used for
calculation of:


Forecast – Estimated arrival times, estimated blocking times of track sections;



Proposals coming from decision support system analysing different system setups
(start of possession, train sequences, train routes, partial cancellations etc.) – In this
case, several thousands of simulation runs are required during couple of seconds for
a defined setup, but historical data for running times are typically not sufficient for
this purpose.

There are several approaches to calculate running times:


Interpolating train positions using historical runtimes between some points of the
infrastructure;



Calculating tractive and resistance forces and the resulting acceleration/deceleration
rates:
o Representation of train as a mass point;
o Representation of train as a mass band.

The tractive and resistance forces are typically modelled as a list of polynomials of second
order in speed, like:
for
for
…
The formulas have special names like Strahl, Sauthoff, etc. (see e.g. [263] [264]). The
parameters in these formulas are estimated using physical measures for a limited amount of
trains and depend on:


State of the rolling stock;



Temperature;



Humidity/wet on tracks;



Current load of the train.

The estimation of these parameters is quite rough, especially considering specific train
during current weather conditions.
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11.7.3.2 Approach
Figure 11.40 shows the possible structure of the proposed nowcasting module:

Figure 11.40: Possible structure of the proposed nowcasting module

The objective is to estimate parameters of the current train by observing its behaviour. The
estimated parameters could be used by train run forecast module during operations.
During the project, the following tasks shall be implemented:


Analyse existing runtime calculation models and create a unique set of parameters
that can be transferred between different models;



Provide a drive mode estimation that identifies which forces are currently active
(acceleration, coasting, constant speed, braking). The easiest way is to observe the
current power consumption (including recuperation);



Parameter estimator could be an optimisation method minimising the deviation
between incoming train position reports and forecasted train position reports;



Check if the future standard for Automatic Train Operation (ATO) already provides a
set of actual parameters, as ATO would require similar functionality on-board.

11.7.4 Data Sources
The input data required to complete this scenario are:


Train position reports, including speed at high rate (like ETCS every 7 seconds);



Topology model, including gradients/tunnels and other resistances;



Current speed restrictions (needed for the drive mode estimator), required if power
consumption is not observable;



Planned information about the train (mass, length, number and type of locomotives,
type of wagons, type of braking, max speed);



Observed power consumption (if possible).
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11.7.5 Description of Available Data
The ETCS train position reports are available in UNISIG-Log-file14 format. Unfortunately, the
other required data sources are not available in the context of this project.
11.7.6 Data access policies
In case the scenario will be continued after its description, the train position reports and the
topology data used in the project will be anonymised.
11.7.7 Description of Available Physical models
The physical models are widely published in e.g. [263] [264].
11.7.8 Inputs and outputs of the model(s)
The estimation model requires the inputs described in Section 11.7.4 and depicted in Figure
11.41 (and Figure 6.10 at page 54) in order to retrieve an estimation of the needed train
parameters (i.e. the outputs of the models).

Figure 11.41: Inputs and outputs of the data-driven model(s)

11.7.9 Description of the test site
Not applicable.

14

See
http://www.ertms.net/wp-content/uploads/2014/09/ERTMS_Factsheet_8_UNISIG.pdf
http://www.ertms.net/?page_id=50 for more information on UNISIG

GA 635900

and

Page 232 of 232

