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1. Executive Summary
As more and more data become available, predictive maintenance methods can be developed to
improve asset management activities for railways. At the same time, data about infrastructure
objects is continuously monitored to identify irregularities that may be associated with, or
contribute to, safety issues. In the future, such continuous data monitoring can be used to
further increase the safety of railway operations by introducing additional fail-safe signalling
mechanisms, i.e. if ongoing data would identify a structural safety problem with an infrastructure
object, such as a slope, a bridge, or a tunnel, signals could be triggered so that operations on and
around that specific object would be stopped until safety engineers could identify the cause of
the irregularity in the data.
This report introduces a framework for integrating data into both asset management and safety
management operations – the framework prescribes an integrated approach for quality-oriented
operational railway planning. The framework describes how different types of data can be
collected and analyzed. It also describes how this data can be used in relation to artificial
intelligence mechanisms to provide fail safe operations, as well as supporting asset management
tasks.
The framework can be implemented in relation with the risk models that are developed in
Deliverables D1.6 and D4.2 of the GoSAFE RAIL project. We additionally assume that because of
the safety related suggestions of the framework, implementation would entail a thorough
decision-making process at different strategic levels of railway organizations. Therefore, a full
implementation, as suggested in the project proposal, was not yet possible at the project
partners Irish Rail and Croatian Rail. Nevertheless, parts of the framework were tested on two
different levels – the operational planning and the infrastructure object level (using the example
of embankments), as presented in this report.
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2. Abbreviations and acronyms
Abbreviation / Acronyms
AI
API
ML
RailML
SME

GA 730817

Description
Artificial Intelligence
Applications Programming Interface
Machine Learning
Railway Markup Language –data exchange format for data
interoperability of railway applications.
Subject Matter Expert
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3. Background
The present document constitutes the Deliverable D3.2 “Report on validation and training of the
model” in the framework of the WA 3.1, task 1.2 of CCA 04-2015.

4. Objective/Aim
This document has been prepared to provide documentation on a prototype system for object
detection on railways, developed as part of the GoSAFE Rail project.
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5. Quality oriented operational railway planning
Railway operators need to guarantee fail-safe safety performance of all operations on their
network while at the same time all operations need to be efficient and reliable. These two
requirements for railway operations are conflicting, but without a doubt, the safety of
operations cannot be jeopardized. The sensible strategy for railway managers to deal with this
dilemma is to implement safe operations of the railway system using short term management
frameworks, while continuously improve safety and operations by strategic upgrades of the
railway infrastructure in the long term.
Both, the short-term safety strategy and the long-term asset management strategy, should be
supported by state-of-the-art data collection and analysis methods. To move towards data
informed decision making, a new integrated approach for railway planning is required. This
approach should be based upon data-based methods that trigger fail- safe mechanisms that can
ensure a zero-accident operation of the railway. At the same time the approach should include
methods that allow to learn from collected historical data for informing long term asset
management decisions that can help railway managers to prioritize infrastructure investments
that can structurally improve the safety and operations of the railway network in the long term.
The GoSAFE RAIL project has developed a framework for such quality-oriented railway planning
together with a data management strategy. The framework was developed based on the
previous experience of the project partners with managing data for large asset management
organization. The framework is illustrated in Figure 1.
The proposed framework indicates that railway operators should continuously implement three
types of data streams tracking:




various environmental conditions, such as weather
the condition of infrastructure objects
on-going train operations.

Using these three streams of data, artificial intelligence algorithms can be developed that can
ensure fail-safe signalling for zero accident operations. These algorithms should continuously
monitor the incoming data streams and provide methods to fuse these streams for detecting
safety related anomalies. When anomalies are detected, a system should be implemented that
can automatically trigger fail-safe signalling strategies on the entire network to allow railway
operation managers to carefully evaluate the situation that caused the safety related anomaly
within the data stream and respond to it.
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Figure 1: The GoSAFE RAIL operational railway planning framework for quality oriented short and
long-term safety and asset planning.

An important aspect of developing such fail-safe anomaly detection algorithms will be the
availability of a probabilistic model for assessing the risk of possible infrastructure failures for a
railway network. The GoSAFE RAIL consortium plans to present such a risk model in Deliverables
D1.6 and D4.2 later during the project.
At the same time, the continuously obtained data should be stored within databases for tracking
historical conditions and events. This data can then be used to develop machine learning models
that will allow improvements/refinements to the AI based anomaly detection algorithms
introduced above in relation to the risk model. These models can in turn be used to understand
the complex interplay between infrastructure object failures and the network wide railway
operations. The historical data about infrastructure behaviour together with the environmental
data will allow for training of models that can provide risk indicators for different infrastructure
objects.
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At this point micro simulations of train operations can be performed under the assumption that
one of these risky objects triggers a fail-safe signalling mechanism or a similar operational
measure, such as reducing the speed limit for a specific section. The simulations will then show
the effect of possible sudden failures of infrastructure on the overall operations of the railway
network.
In order to truly support budget allocation decisions, many different possible failure scenarios
should be evaluated to identify those infrastructure objects that, in case of failure, would have
the largest effect on operations on the entire network. Asset managers should then allocate
budget to upgrade these objects to ensure safe, reliable, but also high performing operations in
the future.
To support such decision-making routines many different infrastructure object failures and
combinations of failures should be simulated. However, conducting simulation runs is time
consuming so that it is only possible to simulate a few failure scenarios using micro simulation
software.
An alternative to micro simulations is the use of machine learning models. Machine learning
models can be trained about the operations of a railway network that can provide detailed
information about the effect of disturbances at one location in the network on the whole
network. These trained models can then be used to experiment with different failure scenarios
and will provide simulation results in split seconds. These results are less accurate than the
results that micro simulation models can offer, but they can provide good first indications about
failures that would critically influence the operations on the entire network. These indications
can then be used to prioritize several scenarios with a seemingly large effect that can then be
subjected to a more detailed analysis using a more time consuming micro simulation experiment
(Bosscha, 2016).
To support the above described data analysis for the evaluation of the effect of infrastructure
failures on the operations to support long term asset management decisions, the framework
suggests providing at least three different long-term data stores, again for storing environmental
data, data about infrastructure objects, and data about all train operations.
In what follows, this report will illustrate several exemplary implementations of parts of the
framework discussed above. To this end, we will use examples from the Irish Railway network.
As mentioned in the introduction, the entire framework would require the detailed development
of a risk model (Deliverables D1.6 and D4.2) as well as political decisions at the strategic level of
the railway management organizations, both requirements that cannot be achieved within the
limited time frame of the three-year GoSAFE RAIL project.
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6. Exemplary implementation of framework components for the Irish
railway network
The field of machine learning provides a set of different algorithms to transform data into
actionable knowledge. These algorithms are based on statistical methods and advancements in
this field are accelerating quickly. Machine learning models that are based on data ongoingly
collected from train operations have the potential to predict the effects of disturbances on the
network without the requirement for running costly and time consuming micro organizations. At
the same time, machine learning algorithms allow models to be developed for continuous risk
prediction of failures within the physical assets of a railway network. Combined, these models of
predicting risks of infrastructure failure and effects on operational performance can provide
decision makers with valuable real-time information for running operations and insightful longterm assessments about how to best manage the assets of a railway network.
This section will describe three exemplary implementations of components of the above
framework for parts of the Irish railway network. The section will describe a machine learning
effort for predicting slope stability, as an example, for the potential prediction of infrastructure
object failure. It will also provide an example of a machine learning model to predict delay
propagation on the Irish railway network. Finally, we will provide several examples of using
micro-simulations to understand the influence of fail-safe signalling on the operations of a
network.

6.1.

Predicting slope stability using artificial neural networks

Suction forces within slopes control much of the near surface stability in transport
embankments, however their magnitude is weather dependent and suction dissipation during
inclement weather often results in shallow failures that should trigger fail-safe signalling
mechanisms. They are particularly sensitive to rainfall, so machine learned models for predicting
surface suction solely based on weather data could provide a good means for implementing failsafe signalling triggers and to prioritize asset management decision. This example illustrates how
we built and validated such a model based on a data set for an embankment in Ireland. The data
included rainfall, suctions, barometric pressure, temperature and solar radiation and wind speed
and direction. The ML model attempted to use these data to predict the key parameter for slope
stability – suctions that was measure at different soil depths.
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6.1.1.

Machine learning model

The available data set comprises soil suction data measured with tensiometers (kPa) and
corresponding weather data. There are 7 sets of near surface suction readings, which vary with
depth, Ten1 (closest to the surface) to Ten7 (deepest), with the exact depths given in the
dataset. Additionally, the data set encloses rain fall, relative humidity, air temperature,
barometric pressure and solar radiation (Error! Reference source not found.). The aim is to be
able to predict soil suctions based solely on weather data accounting for the significant time lag
between the rainfall event and changes in suctions at different depths.

Figure 2: First lines of the data set used to train a model to predict suction values within a slope
based on weather conditions
Using these data we trained an artificial neural network model consisting of three hidden layers
with 10 nodes each. Before training the model, we added three additional features to the
dataset each describing some long-term characteristics of the rain fail to allow for training a
model that can account for the delay of the suction changes after a heavy rainfall event.
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6.1.2.

Validation of the model

Using the data set with the new features, an artificial neural network was trained that consisted
of three inner layers with ten nodes each. The model was then validated using a validation data
set of suction and weather values that was stripped of the training set and hence was not used
to train the model. The data set included 20% of the initial data. Figure 3 displays the R-Square
value of the trained model for different suction depth. It illustrates that the machine learning
model can provide accurate results (R-Square larger than 0.74 for all depth predictions).

Figure 3: Validation results (R-square) value. Tension in the graph refers to the prediction of the
soil suction at different depths.
Figure 4 provides scatter plots that plot predicted against actual values. A closer analysis shows
that the machine learned model has a bias to systematically over-predict suction values.
Considering that a low suction value will lead to slope instability, the trained artificial neural
network therefore lends itself well to fail-safe predictions of slope failures based on weather
conditions.
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Figure 4: Validation of the trained model. Scatter-plots of predicted (horizontal axis) against real
value (vertical axis).

6.1.3.

Discussion

The experiment performed in this study has used training data collected from sensor-based
measurements of soil suction data at several depth of a specific Irish railway slope. This data has
been combined with openly available weather data to build a prediction model of the effects of
weather on soil suctions. The experiment shows the possibilities to accurately predict soil suction
based on weather influences. These predictions, in turn, can inform fail-safe triggers and longterm asset management decisions.
One limitation of the current model is that the data set describes only one very specific slope
with very specific soil data. It is not clear whether the approach will scale across different slope
geometries and slope soil characteristics. However, the experiment gives a good first indication
that such an approach would be possible.
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6.2.
Predicting delay propagation using concurrent neural
networks
Railway operators have always struggled with the right balance between railway capacity
utilization and punctuality. With an increase in traffic density and capacity utilization, the
amount of conflicts between trains is bound to increase, resulting in delays called knock-on
delays (Housman and Boucherie, 2001).
The propagation of delay is one of the most important factors in understanding the effect of failsafe signaling events on the entire railway network. In case a signal is automatically triggered
based on a specific risk model and a train is stopped, the delay of this train can have a negative
effect on all the other train operations on the network. The delay of one train is propagated
across the network causing delays of other trains. An effect that is also often referred to as
knock-on delay. This example illustrates how a data set can be used to train a machine learning
model that can predict such knock-on delays across a network, based on a specific triggering
delay event.
The dataset used to train the model was provided by Irish rail. The data set consisted of data
describing the entire 2400 km long Irish railway network (Figure 5). Additionally, the data set
consisted of all daily train operations on the network between January 2010 and September
2015 (Irish rail operates approximately 661 trains daily). The dataset also included information
about 60 000 delays that were recorded during 2010 and 2015.

Figure 5: Topological map of the Irish Railway network. Blue squares represent control points.
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6.2.1.

Machine learning model

The delay propagation model was trained again using an artificial neural network approach. To
account for the temporary configurations of delays on the network, a recursive neural network
was used that allowed models to be trained that could account for different time steps during
training and prediction. The model used two hidden layers with 50 nodes each.
From the basic operational logic, we can derive that a transformation happens between the
intended timetable and actual timetable once a disruption is in play. This transformation is
dependent on infrastructure, rolling stock and timetable aspects, as well as the initial disruption.
It is assumed that an artificial neural network would be able to represent this transformation,
given the right network architecture and input parameters. The first-order knock-on delay is
collection of delays that directly result from a train with a primary delay. This means that every
train that has a primary delay, or initiator train, can be linked to a value of total resulting firstorder knock-on delays. While it would be possible to approximate knock-on delays using a feedforward neural network using generalized features describing the movement of the initiator
train, some problems would arise. Because of the fixed-length input requirement of a feedforward neural network, input data would have to be generalized to a fixed-length input vector.
In this feature generalization process, detailed information would be lost. The process can be
compared to sentence analysis and word recognition, where compression to a single vector has
resulted in limitations of the learning capabilities of the machine learning algorithms. To solve
this issue, recurrent neural networks can be used to process variable-length sequences of input
vectors.
The following input features of a neural network are the input variables derived from a dataset
that are fed into the neural network:


Delay Times This is a two-value input, containing both the delay at the origin and the destination
point at the respective graph edge. The value is presented in hours to keep it near the [-1; 1]
range.



Train Maximum Speed The train maximum speed is derived from the route speed restrictions and
the train type. It is presented to the neural network in 100km h to keep the value within the
desired range.



Route Maximum Speed The route maximum speed is the general maximum speed for the
considered graph edge, corrected for local speed restrictions. It is also presented in 100km/h.



Speed Homogeneity The speed homogeneity is the measure of homogeneity in the maximum
speed of the trains passing that edge. It is calculated by calculating the standard deviation of train
maximum speeds for each train passing that graph.

GA 730817
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Route Departures The route departures is a measure for headway on the considered edge. This is
divided into six values where the first three represent trains in the same direction as the initiator
train, and the last three values represent trains in the opposite direction. The departure count is
split into three values based on the time between the initiator train departure and the other train
departure. The first value is the count of trains within 5 minutes difference, the second value for
5 to 15 minutes difference and the third value is for trains with a 15-30 minute difference.



Vertex Departures The vertex departures is similar to the route departures feature, but for the
origin and destination vertex of the initiator train. The first three values represent the origin
vertex, and the last three values represent the destination vertex. The time difference grouping is
equal to that of the route departures feature.



Edge Length The route length is the route distance between two vertices. It is calculated using the
Dijkstra Algorithm applied to the RailML track definitions. The length is presented in Miles 10 to
keep it within the desired range.



Percentage Double Track The percentage double track is fraction of distance of the route
between two vertices that operates with a double track. This value is close to a binary value for
most edges, with a few exceptions.

GA 730817
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6.2.2.

Validation of the model

Figure 6: Validation of the trained model to predict delay propagation (Bosscha 2016)
After training the artificial neural network, a set of weights is found that best represent the
transformation between the input and output training data. To validate the performance of this
method, a validation set of 1792 delay combinations is used. After the training procedure has
stagnated, a mean square error for the predicted total knock-on delays in hours of 0:0206 has
been obtained on the validation dataset. This equals a normalized mean square error of 0:2971,
or R2 = 1 - NMSE = 0.7029.
Figure 6 shows a scatter plot of the validation results. The plot shows that the model can
accurately predict knock-on delays of roughly up to 40 minutes.

6.2.3.

Discussion

The experiment performed in this study has used a training data from a whole diverse railway
network by application of a recurrent neural network. One limitation of the current model is the
output being a summation of all knock-on delays. While this summary is helpful for maintenance
decision makers to assess the overall effect of measures on the network quickly, information
about individual delays and delay positions would be an incredibly valuable feature as well
From the proposed artificial neural network, and the case study applied to the Irish Rail network,
several recommendations can be provided regarding a follow-up research, data management in
railway operations and similar machine learning applications. A focus towards an integrated data
management platform would greatly increase the possibilities for other studies such as this one.
The current practice to store all information in separate systems with minimal horizontal
integration makes the execution of a similar study harder to start up. The next section discusses
a possible architecture for such a platform.
GA 730817
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7. Continuous Monitoring of infrastructure and fail-safe integration
with a data streaming platform
This section deals with the following topics:





The integration of infrastructure monitoring systems with a data aggregation platform
The ingestion, transformation and storage of multiple sources of data (both streaming/“in-flight”
data and stored/“at-rest” data), including Big Data sources
Utilisation of the data platform to train and test Machine Learning (ML) models
The operationalization of trained and tested ML models, to give near real-time predictions of
“events of interest” driven by data as it is ingested by the data platform.

The StreamCentral data platform is used as the reference design and the descriptions regarding
ML integration explain how the reference design needs to be enhanced to operationalize ML
models.

Figure 7: High level architecture of the StreamCentral data acquisition platform.
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7.1.

Essential Platform Characteristics

A future proofed data platform that can process the volume and variety of data that is required
today, and that may be required in the future, to support the operation and management of
railway networks will have a number of essential characteristics. The overarching essential
requirement of any suitable data platform is that it can ingest any volume of any type of data
(stored or streaming) from multiple sources as soon as that data is available. Further, the
platform must process this data (both to identify “events of interest” and, through integration
with AI/ML models, to predict “events of interest”) and make the associated information
available to the applications that need it, such as Decision Support tools, in near real time.
Combining practical experience of real time data aggregation and correlation platforms
(StreamCentral) with that of ML and predictive model SMEs, we have listed here a set of
capabilities that we believe should form a part of the design for a platform that consumes the
data within the scope of GoSafe Rail and can operationalize the ML models that would
contribute to identifying factors (“events of interest”) that impact Rail safety. These capabilities
are described below.

7.1.1.

Requesting “at rest” data from multiple data stores of different types

The platform needs to be able to request (“pull”) data from any data store that is capable of
supplying data on request. This “at rest” data can be structured and/or unstructured, can be
requested over any period and can be requested as a bulk upload or on a record by record / file
by file basis.

7.1.2.

Requesting “in flight” data from multiple streaming data sources

The platform needs to be able to ingest streaming data that is “pushed” to its API by
applications, systems and individual sensors. It needs to handle streaming data concurrently
from multiple sources that may be supplying data at different time intervals and of varying
volumes per source.

7.1.3.

Easy addition of new data sources

The platform needs to be able accommodate the addition of any new data source with ease,
through a structured user interface, designed to manage this process. This will require that the
data stores maintained by the platform will need to be automatically redesigned and physically
modified to allow the new data to be stored as required.

GA 730817
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7.1.4.

Data transformation

Ingested data may need to undergo transformation to ensure that its structure and content
conform to the standards/formats required by a ML model or the end users of the platform.

7.1.5.

User defined (no-code) data identification rules

The platform needs to be capable of applying user defined rules to any item of data as it is
ingested and immediately report on any rule that has been met (i.e., an “event of interest has
been identified”) – e.g. when a temperature reading is greater than 20 degrees Celsius. There
should be no practical limit to the number of rules that can be applied to ingested data.

7.1.6.

User defined (no-code) data correlation rules

The platform needs to be capable of correlating data across all of the ingested data sources, as
the data is being ingested, regardless of whether or not the data from each source is supplied at
different frequencies (e.g. one source could be sending data to the platform every second and
another source could be sending data to the platform once every week). Correlated data may be
identifying an “event of interest” that has either happened or is in the process of happening, and
therefore should be reported on as soon as it is correlated.
The platform needs to be able to capable of running multiple correlation rules simultaneously on
data as the data is being ingested.

7.1.7.

Ingested data availability / storage

All the data that is ingested, or selected portions of that data, needs to be made available to ML
Models for training and testing and to operational ML Models as well as end user applications
such as Decision Support tools.
To achieve maximum flexibility, the platform that we will use as a demonstrator will make
ingested data available as follows (specifically for the GoSAFE Rail project):




Structured data will be stored in a Postgres database that is available to external applications
Structured/unstructured data will be stored in Blob Storage in a Microsoft Azure cloud platform
Ingested data can be streamed out to applications through an Applications Programming
Interface (API).

For the GoSAFE Rail project we will limit the volume of stored data to 4 Terabytes.

GA 730817
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7.1.8.

ML Model training and testing

The platform needs to provide an environment that will allow ML Models to be “inserted”,
trained and tested against ingested data. A generic interface specification will be developed that
will allow multiple models to “inserted” into the platform for this purpose.

7.1.9.

Operationalized ML (predictive) model

The platform needs to apply the data that it ingests, as it is being ingested, to one or more
trained and tested predictive models and process as outputs any “predictions of interest” that
may result from the model (e.g. a railway embankment has a high probability of subsidence
following recent weather conditions). The “predictions of interest” need to be made available to
downstream applications and systems, specifically the Decision Support tool. A generic interface
specification will be developed that will allow multiple models to “inserted” into the platform for
this purpose.

GA 730817

P a g e 21 | 24

8. Conclusions
This report introduced a framework for an integrated approach for quality-oriented operational
railway planning. The report also provides initial models and their validation of parts of the
framework and a suggested IT infrastructure to support the suggested elements of the
framework.
The further implementation of the framework during the GoSAFE RAIL project will hinge on the
further development of the risk model (Deliverables D1.6 and D4.2) before it can be
implemented. To be implemented, the parts of the framework will need to be further adjusted
to the characteristics of a specific railway network in terms of infrastructure objects, main risk
factors, and existing fail-safe mechanisms. Hence, the here suggested framework can only serve
as a guideline for the implementation of quality-oriented railway planning.
The GoSAFE RAIL project will provide additional illustrative implementations of the framework
on several case studies. The case studies will provide further validation and demonstrations.
However, because of the safety critical issues, the implementation of the framework will require
thoughtful political decision-making processes at railway agencies which cannot be within the
scope of the GoSAFE RAIL project itself.

GA 730817
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