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EXECUTIVE SUMMARY
The “Data Management, Analytics and Visual Analytics Document” reports on the activities performed
within CONNECTIVE-WP2 for the core release (C-REL) in tasks 2.4 (Data Management), 2.5
(Analytics) and 2.6 (Visual Analytics).
A first section summarizes IT2Rail results and highlights priorities defined in CONNECTIVE regarding
IT2Rail, in particular the use of real data, and the enrichment of Analyses with predictive and
prescriptive Analytics.
The second section describes the first implementation of the use cases that have been defined for the
core release:
 “Smart” Operational control centres (Thales)
 Station crowd behaviour (in relation with IP3 In2Stempo project) (Thales)
 Monitoring equipment and maintenance (Indra)
 Maintenance activities/assets degradation impacts mitigation (in relation with IP3 In2Smart
project) (Ansaldo)
For each use case, objectives and data are briefly explained, although more details can be found in
document “D2.4 Needs and related features”. Then, implementation, results and next steps are
described.
The last section contains developments that have been started but not yet integrated in the use cases.
These developments concern the implementation of anonymization techniques, data generation
techniques and virtual reality techniques.
The deliverable will have different versions (releases) to reflect the progress of the task.
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1.

INTRODUCTION

The present deliverable is the first document explaining the current development and implementation
of technical components and use cases regarding Business Analytics (BA) within the second work
package (WP2) of the CONNECTIVE project.
CONNECTIVE follows the lighthouse project IT2Rail, where the BA initially started into the Shift2Rail
– Innovation Programme 4 (S2R-IP4). S2R is the first rail joint technology initiative focused on
accelerating the integration of new and advanced technologies into innovative rail product solutions.
CONNECTIVE aims to be the technical backbone of S2R-IP4, which addresses the provision of “IT
solutions for attractive Railway services”.
This document reflects the first works towards delivering such a result. The present document is
organized as follows:
A first section summarizes IT2Rail results and highlights priorities defined in CONNECTIVE regarding
IT2Rail, in particular the use of real data, the enrichment of Analyses with predictive and prescriptive
Analytics.
The second section describes the first implementation of the use cases that have been defined for the
core release:





“Smart” Operational control centres (Thales)
Station crowd behaviour (in relation with IP3 In2Stempo project) (Thales)
Monitoring equipment and maintenance (Indra)
Maintenance activities/assets degradation impacts mitigation (in relation with IP3 In2Smart
project) (Ansaldo)

For each use case, objectives and data are briefly explained, although more details can be found in
document “D2.4 Needs and related features”. Then, implementation, results and next steps are
described.
The last section contains developments that have been started but not yet integrated in the use cases.
These developments concern the implementation of anonymization techniques, data generation
techniques and virtual reality techniques.
The deliverable will have different versions (releases) to reflect the progress of the task.
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2. IT2RAIL RESULTS
CONNECTIVE WP2 aims to specify and implement techniques and tools to provide a common business
intelligence and Business Analytics to S2R-IP4, following the path of the lighthouse project IT2Rail.
During the lifecycle of IT2Rail, the BA increased its volume through the Key Performance Indicators
(KPI) in parallel with the development of the various modules within each Work Package (WP) and the
integration among them with the BA module. The definition of the KPIs were defined in base of the
goals that the project had, with the main objective of giving the user the full control of the door-to-door
travel experience across transport mode and services. To fully achieve this target, the BA activities in
IT2Rail were subdivided in three major areas.




Analysis from the point of view of the Traveller;
Analysis from the point of view of the Transport Service Provider;
Analysis from the point of view of the IT2Rail Ecosystem performance.

Naturally, the main point of the key performance indicators were the satisfaction of the final user and
consequently the KPIs were built focusing on it (e.g. Compute a list of indexes and Key Performance
Indicators regarding user satisfaction at the end of a trip). The second point was the analysis of the
services which Travel Service Provider offered. It played a key role in the experience of the traveller
that S2R-IP4 ecosystem aims to deliver. KPIs related to satisfaction and/or the performance of the
services offered to the final user are considered relevant for the increment of the level of the experience
provided to the traveller and essential to attract new users. The last area, related to IT2Rail ecosystem
performance, was included in order to provide a complete vision on how the system is reacting in
specific circumstances (e.g. to know if the system were under hacker attack).
An issue encountered during the development of the BA module was that IT2Rail was a proof of concept
and not real data was available. Therefore, the project focused on identifying the relevant KPIs that
could be obtained, but they were not tested with real figures.
An evolution in the CONNECTIVE project in respect to IT2Rail will be the analysis of real data coming
from different sources whether they are open source or not. This fact is important to give to the external
sources, like transportation operators, a better vision about the evolution of the European mobility. The
consequence of it is a modification on the services offered to the traveller making more attractive its
experience.
Another improvement will be the analysis of this data source with advanced algorithm applied of the
business analytic. At the end of the life cycle of the CONNECTIVE project, the expected outcome will
be the provision of tools to allow to answer to the following:




Descriptive Analytics: It provides insight into the past (What has happened?)
Predictive Analytics: it understands the future (What could happen?)
Prescriptive Analytics: It advices on possible outcomes (What should we do?)
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Therefore, it is expected that the BA provided within CONNECTIVE in S2R-IP4 will obtain the insights
required for making better business decisions and strategic actions.
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3. USE CASE IMPLEMENTATION
3.1 USE CASE PRESENTATION
For the core release, four use cases have been defined with real (or realistic) data:





“Smart” Operational control centres (Thales)
Station crowd behaviour (in relation with IP3 In2Stempo project) (Thales)
Monitoring equipment and maintenance (Indra)
Maintenance activities/assets degradation impacts mitigation (in relation with IP3 In2Smart
project) (Ansaldo)

The first two use cases aim to produce data and analyses of mobility (inside a big city like Paris and
suburbs or inside a station) that could be shared between the partners to test and compare their
architectures and approached (data are open data or realistic simulated data).
The last two use case are focused on how descriptive and predictive maintenance information can
be exploited within the IP4 context in order to meet the dual objective of:


Increase the QoS and passenger demand by enhancing service availability and service
efficiency,
 Provide operators with techniques to improve the perceived reliability of the whole transport
ecosystem.
Among them, two use cases are related with use cases developed in IP3 in In2Stempo and In2Smart
projects.

3.2 “SMART” OPERATIONAL CONTROL CENTRES USE CASE
3.2.1 OBJECTIVES
‘Smart’ Operational Control Centres will resort to artificial intelligence and big data to analyse the
massive quantity of data generated by sensors on trains and connected equipment, as well as outside
data such as the weather or geographical data – all in real time. Transport authorities and their
customers will thus reap numerous benefits: transport operators will have a global vision of all
operations, and will also be able to merge data coming from different sources – signalling, video
surveillance, ticketing – so as to offer passengers a better service.
Crises or incidents will be dealt with quicker and more efficiently, thanks to a clear and concise
overview of all the information an operator needs to make the right decisions at the right time.
It will be all the easier to convince users to use more public transport and to promote sustainable
modes of transport if we take this unprecedented qualitative leap. Moreover, the information
generated could contribute to alert the traveller about an event that can affect the journey (creating
a link with Trip Tracking activities developed in IP4-TD4.4), and to reduce its impact and improve the
experience of the traveller.
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3.2.2 DEVELOPMENT PLATFORM
The platform used for the development of the use case is described in D2.1 Big Data architecture
document C-REL. The platform is based on the Hadoop environment and elasticsearch. Visualization
results displayed in this deliverable rely on Kibana (the elasticsearch visualization portal).

3.2.3 SCENARIO1: MANAGE TRANSPORTATION NETWORK
Objective
The objective is to optimize transportation performance management, thanks to the use of observed
data and scientific techniques, development of new tools to make transportation performance
management better. End goal is to improve safety, increase efficiency and provide an enhanced
traveller experience.
At this stage, partners have relied in the use of open data for this use case, due to the unavailability
of other sources of information. However, this data is relevant enough to implement and evaluate the
architecture used, as well as to model descriptive analytics techniques that could be afterwards
applicable to other similar data sources.

Data
OpenData from “Ile de France”:


Historical datasets:
o Number of validations per railway station per year
o Number of validations per railway station per day
o Percentage of validations per railway station per day type per time slice
o Geoposition of each railway station
Real time datasets:
o Waiting time displayed on each railway station
o Weather forecast
o Road traffic
Calendars:
o School calendar
o Events calendar
o Historical weather calendar
o Lunar calendar
o Sun calendar





Algorithm description
The algorithm is based on the following main steps:




Get Raw Data
Clean Data
Build Model
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Predict

The detail is explained in the parametric diagram below (Figure 1).
par Traffic forecast

Number of validations per railway station
per year
Number of validations per railway station
per day
Merge validations data

Consolidated validation
information

Merge calendars

Consolidated calendar

Percentage of validations per railway station
per day type per time slice
Geoposition of each railway station

School calendar

Events calendar

Build model

Historical weather calendar

Railway Traffic Model
Traffic forecast

Sun/Lunar calendar

Current weather forecast
Predict

Waiting time forecast
in each railway station

Current calendars
Waiting time displayed in real time
on each railway station

Real time road traffic

Record waiting times
displayed in each railway
station

Consolidated waiting times
in railway stations

Record road traffic

Consolidated road traffic

Passenger flow forecast
Current road traffic

Figure 1: Traffic forecast algorithm
This algorithm enables to predict traffic, waiting time in each railway station, and passenger flow,
from current weather forecast, calendars, and road traffic.

Results
Currently, we focus on descriptive analytics.
Few examples are presented below.
The Figure 2 below illustrates the workload of each railway station. It’s possible to use a spatiotemporal filtering.
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Figure 2: Distribution of the number of validations on the railway network (Ile de France)

The 2 maps below (Figure 3 and Figure 4) enable to visualize the variation of the validations number
between the morning and the evening, thus it’s possible to estimate passenger flows.
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Figure 3: Distribution of the number of validations among stations of metro line13 in the
morning
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Figure 4: Distribution of the number of validations among stations of metro line13 in the
evening

The Figure 5 below highlights correlations between weather / school calendar, and the number of
validations on railway network (for example: snow the 6th 7th February, school holiday the first week
of January).
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Figure 5: Fluctuation in the time of the number of validations on the railway network (Ile de
France)

As illustrated by the Figure 6 below, it’s possible to build a model of the waiting time in a station. This
model can enable to detect a delay, and to learn delay per type of incidents.

Figure 6: Waiting time displayed in a station (in min)
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The Figure 7 below shows the number of kilometres of traffic jams at the summer vacation ended in
Ile de France. At present, we wonder if a correlation exists between the traffic jams and traffic on
railway network.

Figure 7: Number of kilometres of traffic jams (Ile de France)

In the light of the above, predictive analytics should be implementable.

3.2.4 SCENARIO2: MANAGE INCIDENT
Objective
An incident is an event that could lead to loss of, or disruption to, an organization's operations,
services or functions.
The objective is to improve monitoring and ability to interpret the reports, which will help to identify
incidents before they have an impact, and will help in decision making.
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As in the previous scenario, the information obtained could also be useful to reduce the impact of
disruptions on the travellers and improve they travel experience. Also in this occasion the data source
used has been open data, but the results validate the approach and technologies and can be
applicable to similar data sets.

Data
OpenData from “Ile de France”:






Historical datasets:
o Number of validations per railway station per year
o Number of validations per railway station per day
o Percentage of validations per railway station per day type per time slice
o Geoposition of each railway station
Real time datasets:
o Waiting time displayed on each railway station
o Alerts displayed on each railway line
o Weather forecast
o Road traffic
Calendars:
o School calendar
o Events calendar
o Historical weather calendar
o Lunar calendar
o Sun calendar

Note that the data are the same as the input data of the previous use case, plus the data about alerts
displayed on each railway. Therefore, we will use directly the consolidated data computed by the
previous use case.

Algorithm description
The first step consists in recording alerts displayed in real time on each railway station in order to
build a historical dataset about alerts and, by extension about incidents, as described in diagram
below (Figure 8).

par Consolidated alerts in railway stations

Alerts displayed in real time
on each railway station

Record alerts displayed in
each railway station

Consolidated alerts
in railway stations

Figure 8: Build of a historical dataset about alerts in railway stations
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The second step (see Figure 9 below) consists in implementing an incident risk forecast algorithm
based on the previously computed datasets.
par Incident risk forecast

Consolidated validation
information
Consolidated calendar

Consolidated waiting times
in railway stations

Build model

Consolidated alerts
in railway stations

Incident Risk Model

Current weather forecast
Predict

Consolidated road traffic

Incident risk forecast

Current calendars

Current road traffic

Figure 9: Incident risk forecast algorithm

The third step (see Figure 10 below) consists in implementing incident impact forecast algorithm
based on the previously computed datasets too.
par Incident Impact forecast

Consolidated validation
information
Consolidated calendar

Consolidated waiting times
in railway stations
Consolidated alerts
in railway stations
Consolidated road traffic

Build model

Incident Impact Model

Current weather forecast

Current calendars

Traffic impact forecast

Predict

Chosen Incident

Waiting time impact forecast

Passenger flow impact forecast

Current road traffic

Figure 10: Incident impact forecast algorithm
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This algorithm enables to perform what-if analysis in order to test the impact of a chosen incident on
traffic, waiting time, and passenger flow.
Not that the incident impact model could be enhanced by taking into account data generated by the
simulator of passenger flow in a station (refer to § DATA GENERATION).
A fourth step (see Figure 11 below) could consist in enrichment of traffic forecast algorithm of the
previous use case, by taking into account the effect of alerts, but the usefulness remains to be
confirmed.
par Traffic forecast

Number of validations per railway station
per year
Number of validations per railway station
per day
Merge validations data

Consolidated validation
information

Merge calendars

Consolidated calendar

Percentage of validations per railway station
per day type per time slice
Geoposition of each railway station

School calendar

Events calendar

Historical weather calendar
Build model

Railway Traffic Model
Traffic forecast

Sun/Lunar calendar
Current weather forecast

Waiting time forecast
in each railway station

Predict
Waiting time displayed in real time
on each railway station

Record waiting times
displayed in each railway
station

Consolidated waiting times
in railway stations

Current calendars
Passenger flow forecast
Current road traffic

Alerts displayed in real time
on each railway station

Real time road traffic

Record alerts displayed in
each railway station

Consolidated alerts
in railway stations

Record road traffic

Consolidated road traffic

Figure 11: Traffic forecast algorithm taking into account the effect of alerts

Results
Currently, we focus on descriptive analytics.
The pie chart below (Figure 12) clearly highlights the fact that metro line 4 is the most disrupted line
for the time period under interest.
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Figure 12: Distribution of metro lines according to their disruption (incident)

The pie chart below (Figure 13) clearly highlights the fact that the power failure is the longest
disruption for the time period under interest.
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Figure 13: Distribution of incidents according to their type

The heatmap below (Figure 14) shows a distribution of incidents among stations of metro/RER lines.
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Figure 14: Distribution of incidents among stations of metro/RER lines, the colour is the
incident duration

Figure 15 below is an example of dashboard where we hope to find a correlation between weather
and alerts.
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Figure 15: Dashboard with the weather and alerts
In the light of the above, predictive analytics should be implementable.

3.2.5 NEXT STEPS
Predictive Analytics
Currently, we focus on descriptive analytics. The predictive analytics will soon be addressed.

Data from Travel Companion
For the moment, it is possible to build a passenger flow model thanks to the passenger counting and
survey, but it is far from perfect because the passenger counting is only based on the number of
validations at entrance of station, we have neither origin destination information nor station outflow
information.
As the Travel Companion could enable to track its owner, the passenger flow model could be refined
thanks to the anonymized information produced by the sample of passengers using a travel
companion.
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3.3

STATION CROWD BEHAVIOUR
3.3.1 OBJECTIVES

As presented in deliverable D2.4 Needs and related features C-REL, this use case will enrich an
existing use case that is developed in IP3 In2Stempo project. One work package in In2Stempo project
aims at significantly improving customer experience and security in large & high capacity stations
(especially large interconnect stations and multimodal hubs) both during standard operations and in
emergency cases by using tools allowing to represent crowd simultaneously as a flow or a large group
of persons with individual motivations. This objective will be fulfilled with the development and use of
passengers, users and crowd behaviour models within a realistic 3D simulation system relying on
collected real time data for simulation alignment and validation.
Thales has developed a modelling and simulation tool, named SE-Star (see Figure 38 above),
dedicated to address scenarios that involve human and crowd behaviours. Each individual in the crowd
is governed by a motivational model and takes decisions at each tick of the simulation based on this
model and the perceived situation. The motivational model is flexible enough to represent a wide variety
of passenger and staff behaviour. The simulation engine is fast enough to simulate tens of thousands
of interactive entities in real time.
The repartition of the works between In2Stempo and CONNECTIVE is the following:


In2Stempo scope
We are targeting a tool that leverage a model of passenger behaviours in a train station to
simulate station occupancy and pedestrian traffic flows for different scenarios. Based on
simulations computed by the SE-Star tool, users may optimize the design of procedures and
conduct what-if analyses.



CONNECTIVE scope
Being able to provide information to adjust the model so that it reflects better the actual
passenger behaviours increases the value of the tool for operators. Such information are
aggregated indicators such as crowd density and flow measurements, which can be evaluated
based on measurements provided by different kinds of sensors, e.g. Video Content Analysis,
Check-in/Check-out Ticketing or geo-localisation when available.
Based on such information, the CONNECTIVE project aims to propose Analytics (prediction and
decision support capabilities) to help operators to manage stations in real time either directly, or
indirectly by providing means to better calibrate the simulations.
The geo-localisation data may concern a small proportion of the crowd equipped with a mobile
application such as the Traveller Companion. One interesting CONNECTIVE result would be to
leverage such information for the benefits of operators and travellers.

The use case will be based on Warsaw West station in Poland.
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3.3.2 DEVELOPMENT
No development has already started for this use case. Only state of the art and algorithmic works
have been started and are described in section 4.2. The results of these developments will be
integrated in the use case.

3.4

MONITORING EQUIPMENT AND MAINTENANCE USE CASE
3.4.1 OBJECTIVES

This use case proposed by Indra focuses on the application of business analytics to data collected
from ticketing equipment in metro stations (vending machines, access gates). For the scope of the
C-REL, the use case is focused on building the foundation of the Data Warehouse, the architecture
and descriptive analytics related to monitoring of the machinery’s failures.
The analysis will report the failures of the equipment, which it will give a description of what happened
in the past. Specifically the analysis will give valuable insight regarding the abnormality detected from
whatever equipment, devices etc. that do not work as expected (the deviation of the normal behaviour
of each of the component will be referred to as “Alarm”).

3.4.2 USE CASE DESCRIPTION
Indra is handling the database where is gathered the status of the equipment within a metro network.
It includes all the Access Gate Fare Control Collection systems (AGFCC). This collection include
tools such as:
 Automatic Ticketing Vending Machine (ATVM);
 Access Control Gate (AG);
It is worth mentioning the big volume of data that every day this infrastructure generates.
Each of the AGFCC systems are composed by a number of devices, which delivered the task that
they are programmed to solve (such as open a gate). In order to monitor the correct execution of the
task, each equipment controls all the devices that it hosts. If an alarm is detected the equipment that
generates the alarm sends to the control centre a signal. The control centre gathers all the alarms
that are produced and stores them into an Oracle database. The database is divided in tables. The
main target of the use case for this C-REL is to analyse the detected alarms when the alarm is over.
Therefore, the case of study is related to historic tables, including tables that identify the equipment,
the devices, the classes and the series. Analysing this historic table it is possible to extract
information about the performance of the equipment. While the core release has a limited and
relatively simply data scope, focusing on the alarms generated by the equipment, it should be taken
into account that it is only the starting point of the works, and has the main focus on building the
warehouse and the implementation of the architecture. More data generated by the equipment will
be considered in next releases, such as number of validation or tickets purchase.
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3.4.3 DATA
Data description
Metro Transport Service Provider Database Architecture Tables:
As briefly described in the previous paragraph, the volume of data that should be managed is
considerable, considering the different typology of equipment, the devices within them, the alarms
associated and all possible peripheral information that complete the system.
In this stage of the development, the relevant data is associated with equipment, devices and alarms:
 EQ_CLASS: equipment is classified in classes where each of them has a unique identifier.
The reason is that there could be different providers for the same type of equipment, and also
different components and functionalities for a type of equipment (e.g. the ATVM has different
automatic ticket vending components depending on how the user can pay its access to the
metro just contact-less, just cash or a mix of them).
 EQ_SERIES: The relations with model of each equipment identify a specific machinery’s
model of each supplier (e.g. Access Gate PMR).
 EQ_EQUIPMENT: This table identifies a specific equipment (e.g. MT-6184 VAPE EST A.
PAZ identify a specific ATVM located in the station A. Paz)
 EQ_DEVICES: Identify the devices that are needed at the equipment for its correct
functionality.
 AL_ALARM_HISTORIC: In this table is stored information related to the alarms that are
detected and solved if abnormality occurred.

Data model
Once described which type of data is handled, it is necessary to illustrate the process to achieve the
target explained on the previous paragraph.
Through the relation of the tables exposed, the service provider can reach a high level of knowledge
related with to the performance of its equipment, and also relevant information can be offered to the
traveller, such as the average level of service of the equipment within a station.
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Figure 16: Oracle Tables Merge

In the following lines are summarized the combination of tables for the maximization of the information
that are valuable of the managing authority of the infrastructure:






EQ_CLASS + EQ_SERIE + EQ_EQUIPMENT: Through the combination of these 3 tables, it
is possible to extract the main characteristics of one equipment (e.g. the class, the series and
information regarding the equipment takes into account).
EQ_DEVICE + AL_ALARM_HISTORIC: Through the combination of these 2 tables, it is
possible to extract information of the historic alarms linked to each device that a single
equipment has.
EQ_EQUIPMENT + AL_ALARM_HISTORIC: Through the combination of these 2 tables, it is
possible to extract information of the historic alarms associated to an equipment.

3.4.4 ALGORITHM DESCRIPTION
For the implementation of this use case, Indra has relied in the architecture and data flow described
in “D2.1 Big Data Architecture”. In the mentioned document is established common layers that the
BA will follow in order to deliver a coherent analysis across the involved partners. The common layers
are Data Source Layer, Data Staging Layer, Data Storage Layer, Analytic Layer and Data
Presentation Layer.
The software associated with each layer are:


Data Source Layer: Oracle Database;
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Data Staging Layer: Talend Open Studio Big Data;
Data Storage Layer: PostgreSQL;
Data Visualization Layer: Apache Grafana.

The first step is the Data Source. It is an Oracle database where are stored all the tables containing
all the equipment, devices and alarms which the system handles.
Once having the access to this database, the second step is the integration with the Data Staging
Layer where is represented with the ETL tool (Extraction, Transformation and Load) through the
Talend Open Studio Big Data. It is in charge of pulling data out of the source systems and placing it
into a data warehouse that for this use case is PostgreSQL database.
The ETL tool has been designed for the extraction and treatment of the equipment regarding the
access gate and automatic ticketing vending machines. The extraction of the data is divided in
different jobs. A job in Talend is a graphical design, of one or more components connected together,
that allows to set up and run dataflow management processes.
The jobs are built taking into account the requirement of the analysis and the extraction speed. More
precisely the jobs are build considering the extraction of data regarding:
 All the equipment without any type of filter (AllEqDataMart);
 Just the access gate (AccessGateDataMart);
 Just the ATVM (ATVMDataMart);
 Alarms (AlarmDataMart);
 Global extraction that contemplate the extraction and union of all the equipment + alarms
(Equipment_Alarms).
In the present deliverable is shown the Equipment_Alarms. It is made through three jobs in which the
first two extract information from all the equipment, devices, series tables and from the alarms tables.
In order to have a maintainable and flexible development, the two mentioned jobs merge in a third
child job which inherent from the first two parents in a unique table which covers all the tables taken
into account.
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Figure 17: Extraction of Data Regarding All Equipment

Figure 18: Extraction of Data Regarding the Alarms
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Figure 19: Merge of the Two First Parents Jobs
From the pictures shown above it is possible to extrapolate some precious information like the rows
that has been extracted, the time needed to the extraction and if the process inserts correctly the
data into the data storage layer.
Once reached the layer of the data storage, it is needed to integrate the data visualization layer. The
software tool dedicated to solve this task is Apache Grafana. Through Grafana and through specific
queries, it is possible to visualize the result of the failures in the equipment.

Figure 20: Total Alarms Detected divided by ATVM and AG
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Figure 21: Grafana Query regarding Figure 34

Figure 22: ATVM Alarms
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3.4.5 NEXT STEPS
What is described in the present section is just the first stage of a more complex analysis. This first
stage is the understanding of what happened in the past, answering to the first question of the
business analytics foundation, the descriptive analytics. For such reason the use case concentrates
in the historic table that the operator has stored in its database.
The volume of data produced with this data flow is remarkable, and a future deeper study could help
to develop a more complete descriptive analysis, including aspect such as relation among the type
of day and the alarms. Besides, more data available could be used to extract other insights from the
system, such as validation figures or tickets purchased.
The continuation of the use case entails also Predictive and Prescriptive analysis, allowing to answer
to the questions of “what is likely to happen tomorrow” and “what is the most appropriate action to do
in this specific situation”.

3.5 MAINTENANCE ACTIVITIES/ASSETS DEGRADATION IMPACTS MITIGATION
USE CASE
3.5.1 OBJECTIVES
The Objective of the Use Case is to minimize the impact on railway attractiveness due to maintenance
interventions that imply service interruption in a particular rail section.
Asset failures and the relevant planned or unplanned maintenance activities may have significant
consequences on service availability, thus affecting the users’ perceptions of railway attractiveness,
if adequate mitigation measures are not carried out.
Service provider needs a decision support system, based on prescriptive analytics and algorithms,
in order to make the best decision when an infrastructure possession time-window needs to be
booked.
These mitigation measures should take into account passengers’ needs in order to minimize the
consequences on the perceived service quality. This means guaranteeing that the users will be able
to reach the destination without inconveniences.
The possibility of offering a reliable service is one of the most important target for service providers.
However, nowadays, it is becoming more and more evident that they cannot achieve this target
considering only their own services but there is the need to consider the entire transport
ecosystem, in order to provide a reliable door to door multimodal service.
Hence, the rail service provider needs to take into account the possible integration of its own service
with other transport modes in order to reduce or avoid impacts on users’ journey.
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Moreover, the knowledge on passenger flows variation during time allows the service provider to
allocate interventions to the time-windows that are characterized by the lowest passengers flow.
Therefore, the fluctuations of passengers flows with time and the origins and destinations of their
trips represent significant inputs to plan infrastructure possession.
In this context, the Use Case is aimed at the mitigation of service disruptions, due to planned
maintenance interventions or unexpected failures, in order to guarantee a seamless journey and a
good travel experience for passengers.
This has become possible thanks to the availability of greater amount of data and the development
of asset status predictions models, that allow operators to minimize corrective maintenance
interventions, fostering predictive maintenance planning.
The knowledge on transport network availability and the adaption of the service according to updated
information from the field are necessary in order to offer a resilient travel multimodal service.
This Use Case is linked to the SHIFT2RAIL IP3 IN2SMART project that develops tools and systems
for asset management, in order to achieve predictive maintenance strategies in the rail sector. In
particular, the Use Case is conducted in synergy with one of the IN2SMART Use Case that is
developing data-driven models for the detection of anomalies of track circuits and decision support
tools for the prioritization and the schedule of maintenance interventions.
Starting from the knowledge provided by IN2SMART on track circuits status (i.e., available or inmaintenance), the goal of the presented Use Case is to help service managers to adapt their services
taking into account possible alternatives such as different paths and different integration with other
transport modes.
Therefore, the CONNECTIVE Use case will extend the work carried out within IN2SMART, by
exploiting the information on track circuits status and the maintenance schedule, provided by IP3, for
improving rail service.
The main objectives are:



to improve perceived service availability and resiliency by fostering a reliable service adaption
in case of track circuit maintenance activities and failure occurrences.
to improve customer experience adapting the current offers to better suit the travellers needs,
taking into account possible synergies and integrations with other transport modes.

These use case objectives are in line with the CONNECTIVE goals of:
 “Giving the capacity to make better decisions in order to increase QoS and passenger
demand”
 “Providing operators with the tools and techniques to improve the perceived reliability of the
entire ecosystem”.

CONN-WP2-D2.7

Page 38 of 72

30/11/2018

Grant Agreement No. 777522

3.5.2 USE CASE DESCRIPTION
The Use Case is focused on the Track Circuit that is one of the main critical assets for rail service
availability, since its failure has relevant consequences for trains circulation, implying service
disruptions.
The track circuit system (TCS) is a wayside component of the central automatic control system. TCS
are used to provide both train detection and transmission of digital cab signalling data to enable
automatic train protection functions. TCS are composed by an electronic board (TCS board) and a
physical equipment (electrical circuit, cable, relays). Track circuits boards communicate with the
computer based interlocking system (CBI) in order to enable trains management functions (train
detection and cab signalling). Information from the CBI (train speed/direction, next carrier transmit
frequency, track circuit ID etc.) is then used from the central system, which elaborates information
coming from all the sub-system operating in the line to provide higher level information regarding the
behaviour of the whole plant (e.g. train behaviour and movements, alarms, communication issues).
Even if TCS have been designed to be robust to many different failures and safety problems, and
their performances are durable over time, degradation effects exist and unexpected failures may
occur at any time.
Track circuits failures usually lead to false track occupancy phenomena which mean that a track
section is reported as occupied when a train is actually not present on it.
False track occupancies events are caused by natural variations of the current levels in the track
circuits due to degradation and they require the interventions of maintenance operators in field and
the consequent possession of the rail line for their recalibration. This is the kind of service disruption
under investigation in this Use Case, thanks to the availability of anomaly detection data-driven
models provided by IP3 IN2SMART project able to support track circuit predictive maintenance
planning.
These anomaly detection models can predict Track Circuits failures, related to equipment
degradation, considering two main parameters: the shunt level and the variance, which are monitored
from TCS boards. These parameters have to remain into a defined range of values (defined by
design), to guarantee the correct behaviour of the train detection system. If these parameters go out
of the defined range, then a false occupancy event may occur.
Moreover, the IN2SMART project provides tools for the optimal prioritization of track circuits
maintenance interventions based on the correct estimation of current and future TCs condition and
on the failure risk.
In this context, this Use Case aims at developing algorithms able to minimize the impact of predictive
maintenance interventions on track circuits, and track circuits unexpected failure, on rail service by
booking the infrastructure possessions windows taking into account users’ needs and the possible
integration with other transport modes.
The Use Case is focused on the realization of a decision support system for service providers that,
taking into account the forecast unavailability of track circuits and the scheduled maintenance
activities, provides:
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The infrastructure possession planning: the section of the rail network that will be under
maintenance.
The maintenance windows planning: the most convenient time-windows during which
maintenance activities can be performed.
The alternative service planning: a complete service plan and, whenever available, the
relevant real-time service updates, making also the information available to the user.

Since the rail network is characterized by limited paths alternatives, the possibility of considering a
multimodal network, for planning alternative service, is fundamental. In this context, the knowledge
of routes availability allows rail operators to offer a trip plan to the users, which takes into account
information regarding timetables and planned service reductions. The aim of the application is to
show that forecasting, and optimally planning maintenance activities allow to provide reliable services
to the user, also taking in consideration the passenger flow fluctuations during the day, and the
availability of other transport modes that can integrate the rail service. The application can also
provide support for rail service manager in case of unexpected failures that imply unexpected service
disruption, suggesting the best mitigation actions and the alternative trip plan for passengers.
The expected benefits are:
 optimized planning of infrastructure possession time windows;
 improvement of the perceived reliability of rail service;
 improvement of rail service resiliency, dealing with unexpected events;
 minimization of disruptions and inconveniences for passengers;
 improvement of customer experience and rail attractiveness;
 more efficient coordination and integration within transport modes within an intermodal
transport system;
 overcoming the limitation of the scarce route alternatives characterizing the rail network.

3.5.3 DATA
The available data are:

TCS boards parameters.
Logs coming from the track circuits include the acquisition of values for a relevant subset of variables,
that represent the key parameters to be monitored to determine the health and correct behaviour of the
track circuits themselves:






Raw Signal Level: it is the total signal received by the TCS. It includes noise and adjacent track
signals.
Received Signal Level: it verifies that the received signal level is within the operating range of
the receiver circuit. It is expressed in % of the maximum value of the receiver operating range.
Shunt Level: as with the Received Signal Level this value indicates the track signal level. If the
value changes to near 100% due to changes in ballast conditions, a recalibration may be required
or a false occupancy could be indicated. During the recalibration the system will set the Shunt
level to a nominal 162%.
Variance: the TCS calculates a variance in amplitude from the difference between the track
signals mark and space frequencies. A small variance indicates that the coupling unit is well tuned.
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Variance can also indicate whether interference from another source is becoming a problem in the
reliable operation of the track circuit. Variance should be between 0 and 15%.

Central System logs
Also for the Central System, an historical collection of data has been performed. The Central System
log files include a large amount of records for each day; those records mainly refer to two different
categories, events and alarms:





TCS occupancy events (e.g. “Track A occupied” or “False occupancy on Track B”)
Train movements events (e.g. “Train ID X at Station/Track Y”)
Alarms related to TCS (e.g. board failures or occupancy out of sequences etc.)
Alarms related to other components (i.e. switches or trains).

The typical log record is composed of four main parts:






Description
Timestamp
Location
Event type
Event code

In case of alarm, an additional filed of the log record indicates the alarm code to classify it properly.
This fields allow to filter the logs based on a certain subset of alarm/event codes of interest.

Maintenance reports
These logs are the trace of corrective actions performed by the technical local team; currently there is
not a well standardized procedure for the systematic and standardized recording of these events, but
an optimized procedure to collect these records in a more standard and effective way is under
development.

Data on passengers flows
Data on the origin destination matrices and passengers flows fluctuations with time will be collected.
In case of unavailability, simulated data will be used.

3.5.4 ALGORITHM DESCRIPTION
The main goals is to book the possession windows, knowing the prioritized list of interventions, the
localization of the interventions along the network and the time needed to perform each intervention.
The objective is the evaluation of the best initial and final time of the possession windows in order to
minimize the number of passengers that suffer delays or changes in their trip.
This can be achieved by knowing the origin and destination of users journey and the entities of
passenger flows during time.
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The possession windows need to be booked in order to satisfy the deadlines for interventions defined
by the predictive maintenance plan, provided by the IN2SMART planning model.
In order to minimize the service disruptions, the possession windows will be mainly planned during
train-free windows and by filling time slot between trains.
All the passengers must be able to reach their final destination, by using alternative paths taking into
account a multimodal network. The timetables and routes of the other transport modes are known in
order to identify the solution that guarantees the best integration with the rail modes during the
maintenance time windows. The best alternative multimodal trip is identified so that the rail operator
can suggest an integrated alternative solution to passengers, if a convenient alternative path is not
available within the rail network.
The waiting time of the passenger at the interconnection nodes is minimized in order to minimize the
total travel time. The number of shifts between different transport modes are minimized as well as the
total path length.
The number of possession windows that are simultaneously booked in different sections of the network
are minimized in order to limit the number of closed lines during the same time period.
The optimization algorithm inputs and outputs are described in the following framework (Figure 23).
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Figure 23: Architecture of the decision support system

Inputs from IN2SMART
The IN2SMART WP8 outputs consist of the information on Track circuits status, represented by TC
main parameters variation with time and the anomalies identification along the line. Figure 24 describes
the Shunt Level trend for the primary and the backup boards, while Figure 25 depicts the geographical
and quantitative information related to the detected anomalies.
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Figure 24: Shunt Level trend over time: colour information is added to identify which board
is active

Figure 25: Anomaly detection along the line: two different kind of information are
represented: geographical (bubble distribution), quantitative (bubbles dimension)
IN2SMART WP9 provides the prioritization of maintenance activities, according to track circuits’ status
and their criticalities, and also the information on the localization of track circuits and the estimated
duration of the maintenance interventions (required possession window). Details are displayed in Table
3.
Maintenance activities Position
code

Duration

Deadlines

A10

Section 11

4 hours

1 week

A1

Section 7

2 hours

5 days

W1

Section 123

1 hours

1 days

B5

Section 23

3 hours

3 weeks

Table 3: Maintenance plan according to track circuits status and criticality
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Inputs from rail service provider:
The rail service provider give the information on trains timetables and routes, and the passengers O/D
matrices.

Inputs from service providers of other transport modes:
Other public transport service providers can provide the data on timetable and routes of their transport
services.

Algorithm
The developed optimization model is defined by the following objective function and constraints.
Objective function:
The main terms of the objective function are:










The minimization of passenger delay in comparison to the original trip plan.
The minimization of the number of passengers affected by the service disruption.
The minimization of number of cancelled or postponed trains.
The minimization of the travel time.
The minimization of the number of shifts between transport modes.
The minimization of the waiting time at stops.
The minimization of users walking path length.
The minimization of simultaneous maintenance possessions windows in different segments of
the network.
The maximization of the usage of trains-free periods for maintenance.

Constraints:









Topological and geographical characteristics of rail network (availability of alternative paths in
case of disruptions).
Public transport timetables and routes.
Trains timetables.
Origins and destinations of passengers.
Path lengths and travel time considering waiting times at interconnections.
Duration of maintenance time windows.
Location of sections under maintenance.
Maintenance interventions deadlines.

3.5.5 RESULTS
The main results of the model are:



The planning of maintenance possession windows.
The alternative multimodal service.

CONN-WP2-D2.7

Page 45 of 72

30/11/2018

Grant Agreement No. 777522

Figure 26 and Figure 27 show the planned time windows for maintenance execution for the considered
line section (Section DE in Figure 28) considering the trains timetable and the passenger flows
respectively. The algorithm allows to allocate the infrastructure possessions during the time intervals in
which the passenger flows is lower.

Figure 26: Two possible options for maintenance possession windows plan for a given line
section DE and two given timetables. The second option guarantees the minimum service
disruption

Figure 27: Maintenance possession windows plan for a given line section DE
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Figure 28: Alternative multimodal service/passenger routes

Figure 27 shows the possible alternative multimodal services if the section DE is under maintenance.



Alternative 1 (blue dashed line): multimodal service that involved the bus service from C to E.
Alternative 2 (green dot-dashed line): multimodal service that involved the metro service from
D to F.

The algorithm provides the indication of the preferable alternative in order to minimized passengers
delay (travel time and waiting time at stops).

3.5.6 NEXT STEPS
This is a first step to shift from visual and predictive analytics to prescriptive analytics. The aim is to
provide to the service provider not only the information on the current and predicted track circuits status,
but also to give indications on the best decision to make, in order to guarantee the lowest inconvenience
for users and to preserve rail attractiveness. In future deliverables, the detailed description of the
algorithm will be reported and the relevant results of its application to a real urban rail line will be
described.
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4.

ALGORITHMIC AND TECHNICAL COMPONENTS

Apart from the works in the implementation of the architecture, and on the use cases previously
detailed, other works have already been started in relation to data anonymization and data generation
(T2.4) and visualization (T2.6), that in future phases will be integrated in the use cases.
Reasons are:
 Data are not yet available: it is the case for anonymization algorithms we will have to develop
to respect privacy issues. Travel Companion data are not yet available and we anticipated
works by using existing open data and partner data.
 Use case is just beginning (it is the case for the Crowd station behaviour use case). At this step
of the project, algorithmic works have been started and are described here. Their integration in
the use case will come after.
 Virtual reality is a new subject and most of the works done currently try to create new
components, new interactions that will allow . Once these components and interaction will have
been found and tested, they will be implemented in the existing use cases.

4.1 DATA ANONYMIZATION
4.1.1 PERSONAL DATA AND PRIVACY
CONNECTIVE is an ambitious project about mobility for which the individuals, and their data, play a
key role. Examples of data produced by travellers are described in Figure 29 below.

Figure 29: Personal data in transportation domain
As a part of these data may contain personal information, either directly or indirectly, the use of these
data data has to be done very carefully.
The European General Regulation on Data Protection (GDPR) came into effect on 25 May 2018.
Through the GDPR, the European Commission intends to strengthen and unify data security within the
European Union. The Commission’s primary objectives for the GDPR are to enable individuals to take
back control of their personal data, and to harmonise the regulatory environment.
GDPR compliance calls for a careful combination of processes and technologies, backed by solid legal,
IT and cybersecurity expertise. CONNECTIVE project will focus on the technology part regarding the
treatment of personal data. If GDPR directives recommend using pseudonymization and encryption
technologies, CONNECTIVE project will go beyond these recommendations to offer more guarantees.
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Anonymization techniques will be developed in Task 2.4-Data Management: anonymization is a
balance between privacy protection and data utility preservation. And it aims at two goals:



Anonymization guarantees a better security of data as it is removes any possible links to
individuals;
As anonymized data are no more personal data, it also reduces also GDPR constraints.

4.1.2 ANONYMIZATION TO PROTECT PRIVACY
Anonymization is a trade-off between privacy protection and conversation of the maximum of data
interest. The idea is to degrade as little as possible the quality of data to erase the individuality. To
protect privacy, it is necessary to avoid the possibility to isolate an individual, the possibility to correlate
some information from different datasets for one individual and the possibility to obtain information on
an individual thanks to exogenous variables. The trade-off is not an easy task, because it will depend
of data typology, of the future use of data, and of time. Indeed, new datasets can be used and new reidentification methods can be applied. There is not global anonymization method which fits at all
applications and an anonymization methodology has to be studied with three components: the data
degradation process, which decreases the utility of data, the re-identification risk computation and the
evaluation of utility, allowing to optimize the trade-off between efficiency privacy protection and data
utility. Developed techniques have to be irreversible and will not only concern (almost) direct identifiers
like names, ID card or email, but all data related of individuals behaviours (e.g. time and localization of
validation in a public transportation network), which are personal too.

4.1.3 OBJECTIVES
The goal of this task is to develop anonymization techniques for the different types of personal data
which may be produced by the IP4 projects. Three objectives will be followed:






A lot of personal data in transport domain are spatial-temporal (ticketing, GPS trace, taxi
booking, etc.). To protect these data we will introduce techniques allowing anonymizing
information coming from spatial-temporal data.
The large majority of anonymization techniques are considered for static dataset, where after
anonymization, there are no new data to anonymize which are added to dataset yet
anonymized. Here, we will introduce dynamic techniques allowing taking account the
dynamicity. In the same way, we will work on real time anonymization.
Data are coming from several organizations which would are not necessary agreed to share
their data (or have legal duty preventing this sharing). If each organization anonymized their
data and share the anonymized data, they are a risk both for data quality and for data security.

For the core release, only the first objective has been treated.
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4.1.4 DEVELOPMENT
Algorithm Description
Different anonymization techniques exist. For the core release, the focus has been done on techniques
based on differential privacy.
Differential privacy is a framework for evaluating the guarantees provided by a mechanism that was
designed to protect privacy. The basic idea is to randomize part of the mechanism’s behaviour to
provide privacy. Differential privacy will be useful for queries returning counts, percentages, profiles,
histograms, etc. it works by adding a smart noise to minimize information loss and guarantee privacy.
In this process, randomization ensures that the noisy datasets are independent of the participation of
a single user and protect against linkage attack. The noise will be dependent of the sensitivity, which
measure how much each individual impact the query. The process is describe in Figure 30 below.

Figure 30: Differential privacy algorithm
In the context of the project, to implement a differential privacy algorithm, we have taken inspiration
from the article “A Case Study : Privacy Preserving Release of Spatio-temporal Density”, from Acs and
Castelluccia, which introduce a Laplace noise on a decomposition of the counts, that uses a Fourier
perturbation algorithm (fpa).
If differential privacy is respected, an attacker cannot determine if an individual is present or not with
high probabilities in the dataset through the queries results.

Data
As no real data are available at this moment in the project, works have been started using available
open data. Dataset used concerns Open Dataset with Beijing’s taxis from 02/02/2018 to 08/02/2018.
In this dataset, each taxi has an identifier and GPS localization of taxi at a fine timescale. With this
information, the course of each taxi can be inferred.
The goal of the study is to perform queries to count taxis in different areas while maintaining the privacy
of each taxi.
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In the context of a transportation network, the same techniques could be used to analyse, for example,
station volume assessment studies, allowing activities like station clustering, daily profile of stations,
anomaly detection, etc.

Results
Through the smart noise, we are able to keep more valuable count with the same level of privacy, for
district with few taxis as for taxi with many taxis compare to a naïve noise, which consist to add directly
the Laplace noise on the signal. Results are described in Figure 31.

Figure 31: Naïve noise and smart noise comparison implemented on a differential privacy
algorithm
Figure 32 shows the Pearson Coefficient and the Mean Relative Error for each district and along several
noises. It confirms previous remarks. The first has to be stronger as possible and the second smaller.

Figure 32: Pearson coefficient (pc) and Mean relative error (mre) with naïve and smart –
Fourier perturbation algorithm (fpa) noises
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4.1.5 NEXT STEPS
To illustrate the interest of anonymization compared to big aggregation as it could be done with open
data (see section 3.2 below for an example with Paris Ile de France open data), and no anoymization
at all, to get measures of loss due to anonymization. Therefore, three data assumptions will be
studied and compared:




Raw ticketing data. These data are not anonymized.
Aggregate version of data with a large timescale as it can be found in Open Data
Data anonymized by a Differential Privacy technique coming from “A Case Study : Privacy
Preserving Release of Spatio-temporal Density”

Results will be evaluated along two axes:




Re-identification risk
o Raw data
 Uniqueness of individuals
o Aggregate data
 Depends of minimum count of validation by station and a threshold (for instance
if there is less 5 validation, some data in OD will only share <5 and not the real
term)
o Anonymized by smart noise data
 Theorical risk
 Empirical evaluation of risks
Data quality
o Loss of information
 Comparison of raw data aggregate on small timescale with aggregate data
(which need interpolation) and with anonymized by [1] data
o Station clustering quality
 Classical criteria of clustering quality to compare the performance of clustering
obtained on the three datasets
o Anomaly detection evaluation
 Labelisation of anomaly with Twitter and classical measure of quality for models
obtained on the different datasets
 If previous point not possible, use xAi to explain anomalies

Results will be integrated in a demonstrator and implemented in the use cases that will use personal
data.
In parallel, works on dynamic and real time anonymization and on distributed anonymization will be
also investigated. For these two different topics, the same process will be followed:





State of Art on available techniques
Benchmarking on classical Open Dataset
Implementation on transport dataset (e.g. ticketing dataset or on other dataset)
Demonstrator and implementation in use cases.
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4.2

DATA GENERATION
4.2.1 OBJECTIVES

The objective of this task is to develop models that generate synthetic measurements when there is no
actual sensor available. The synthetic measurements can then be used to feed downstream analysis
to provide value to transport operators.
Synthetic measurements must have the same structures and ranges of values as real measurements.
Ensuring this is enough for some usages of synthetic measurements like unit tests, system stress tests,
etc. If a database of comparable data is already available, for instance as open data, a possible strategy
could be to resample from this existing database and adjust the formats. However, other usages require
a high consistency between the synthetic measurements and other system data, actual or simulated.
For instance, functional tests may require to be fed with datasets generated according to a highly
consistent scenario. One solution is to use a model to generate the required data while enforcing the
scenario’s consistency. In particular, Thales has developed a modelling and simulation tool, named SEStar, dedicated to address scenarios that involve human and crowd behaviours.
In this task, we want to generate data that are not actually measured but that must be consistent with
actual, observed data. We use machine learning and we need to have a reference dataset to train our
model, where the observed and missing measurements are both available. Our challenge is twofold; In
addition to forming a model that can predict the missing measurements for a given use case, we would
like to adapt the model to address new variations of this use case.

4.2.2 SCENARIOS
Two scenarios are currently defined for the development of data generation algorithms.

Station Crowd Behaviour scenario
In this scenario, we are targeting a tool that leverage a model of passenger behaviours in a train station
to simulate station occupancy and pedestrian traffic flows for different scenarios. Based on simulations
computed by the SE-Star tool (see section 4.2.5 below), users may optimize the design of procedures
and conduct what-if analyses.
Being able to provide information to adjust the model so that it reflects better the actual passenger
behaviours increases the value of the tool for operators. Such information are aggregated indicators
such as crowd density and flow measurements, which can be evaluated based on measurements
provided by different kind of sensors, e.g. Video Content Analysis, Check-in/Check out Ticketing or
geo-localisation when available.

Metro Tap In Tap Out scenario
In this scenario, we are targeting an application that predicts the occupancies of metro stations based
on tap in and tap out data. Although both kinds of data are available in some metro networks, only one
of tap in or tap out is observed in some other networks.
Being able to predict the missing data could create value by enabling the use of the prediction tool.
Here, the challenge is to design a strategy to learn a model that can work for a new target metro
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network. One strategy could be to collect data from this target network specifically for learning the
model; a more ambitious strategy would be to adapt a model learnt on a source network with the
necessary data to the target network.

4.2.3 DATA
In the first part of the study, we shall use the data that we have. Then, we will exploit relevant Shift2Rail
data when they are available.We can emulate the sensors required for the Station Crowd Behaviour
use case using the simulation tool itself:




Video Content Analysis can be simulating by placing virtual cameras in the virtual station and
providing synthetic VCA outputs.
Simulate virtual Check-in/Check-out when the simulated crowd entities pass virtual gates in the
virtual station.
Register the geographic position of a certain proportion of the virtual crowd that we consider
equipped with a Shift2Rail Smart Traveller application.

The simulation gives us the opportunity to build datasets that are fully controlled and annotated with
truth values to facilitate the algorithm design phase.

We can also exploit academic or open datasets where the geographic positions of people have been
recorded across time to get a sense of the gap between simulated and real data. One such dataset is
for instance the Edinburgh Informatics Forum Pedestrian database.

4.2.4 STATE OF THE ART
In this section, we present briefly some state-of-the-art methods based on machine learning for
advanced data generation and transfer learning. The first methods aim to develop models that generate
data in accordance with certain requirements; the latter aim to adapt the data generation models to
work in new contexts.

Quick State of the Art on Advance Data Generation methods
There is a huge quantity of data in the physical and cyber worlds but they are often not well analyzed
and understood. Generative models are one of the promising approaches towards this goal. It goes as
follows: we collect data of different types (images, sounds, texts, etc.) and train neural-network-based
models to generate new data that are similar to the collected data.
Given the fact that these neural networks have much less parameters than the data they are trained
on, they are forced to discover an efficient representation of the data rather than just memorizing it.
This representation can be beneficial to analyze these data or generate new ones.
Currently, generative models are mostly known to have potential applications in image processing but,
in the long run, they hold the potential to automatically learn the natural features of a dataset, whether
categorical or numerical or something entirely different. The principle is described in Figure 33.
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Figure 33: Principle of Neural-Network-based Generative Models
There exist many variations of Generative Models. In general, they perform well when it comes to
many real world data but have a limitation when it comes to generate discrete tokens sequences (e.g
text, but also potentially other kinds of objects of interest like the description of a trip for instance).
The major reason for the limitation of GANs to manage sequences of discrete tokens lies in the fact
that the discrete outputs from the generative model make it difficult to pass the gradient update from
the discriminative model to the generative model. Also, the discriminative model can only assess a
complete sequence while, for a partially generated sequence, it is non-trivial to balance its current
score and the future one once the entire sequence will be generated.
A novel approach called SeqGAN (Lantao Yu et al, 2017, see Figure 34) solves the problem.
Modeling the data generator as a stochastic policy in reinforcement learning (RL), SeqGAN bypasses
the generator differentiation problem by directly performing gradient policy update. The RL reward
signal comes from the GAN discriminator judged on a complete sequence, and is passed back to the
intermediate state-action steps using Monte Carlo search.

Figure 34: Illustration of the SeqGAN principle
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Quick State of the Art on Transfer Learning Methods
The term Transfer Learning refers to the capability to adapt a model previously learn on a first set of
tasks so as to address a new task. As an illustration, imagine we have a neural-network-based model
to generate images of black and white handwritten digits (like those of the MNIST database). It could
be interesting to be able to adapt this model to generate other kinds of digits, for instance digits
similar to those appearing in the SVHN database (house numbers extracted from Google StreetMap).
Andrew Ng, a famous AI researcher and professor, said during a widely popular NIPS 2016 tutorial
that transfer learning would be – after supervised learning – the next driver of commercial machine
learning success.
Indeed, in the classic supervised learning scenario of machine learning (ML), if we intend to train a
model for some task (e.g. recognize objects) in domain A, we assume that we are provided with
labeled data for the same task and domain. We can see this clearly in the figure below, where the
task and domain of the training and test data of our model A is the same.
We can train a model A on this dataset and expect it to perform well on unseen data of the same task
and domain. On another occasion, when given data for some other task or domain B, we require
again labeled data of the same task or domain that we can use to train a new model B so that we
can expect it to perform well on this data. Process is described in Figure 35.

Figure 35: Classical supervised learning

The traditional supervised learning paradigm breaks down when we do not have sufficient labeled
data for the task or domain we care about to train a reliable model.
If we want to train a model to detect pedestrians on night-time images, we would like to apply a model
already trained on a similar domain, e.g. on day-time images. In practice, however, we often
experience a deterioration or collapse in performance as the model has inherited the bias of its
training data and does not know how to generalize to the new domain (night-time).
If we want to train a model to perform a new task, such as detecting bicyclists instead of pedestrians,
we cannot even reuse an existing model, as the labels between the tasks differ.
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Transfer learning allows us to deal with these scenarios by leveraging the already existing labeled
data on some related task or domain. We try to store the knowledge gained in solving the source
task in the source domain and apply it to our problem of interest as can be seen in Figure 36 below.

Figure 36: Transfer learning principle
In practice, we seek to transfer as much knowledge as we can from the source setting to our target
task or domain. This knowledge can take on various forms depending on the data: it can pertain to
how objects are composed to allow us to more easily identify novel objects.
One particular exciting application of transfer learning is learning from simulations. For many machine
learning applications that rely on hardware for interaction, gathering data and training a model in the
real world is either expensive, time-consuming, or simply too dangerous. It is thus advisable to gather
data in some other, less risky way.
Learning from simulations has the benefit of making data gathering easy as objects can be easily
bounded and analyzed, while simultaneously enabling fast training, as learning can be parallelized
across multiple instances.
Consequently, it is a prerequisite for large-scale machine learning projects that need to interact with
the real world, such as self-driving cars (Figure 37 below, right). According to Zhaoyin Jia, Google's
self-driving car tech lead, "Simulation is essential if you really want to do a self-driving car". Udacity
has open-sourced the simulator it uses for teaching its self-driving car engineer nanodegree, which
can be seen in the Figure 37 below (left) and OpenAI's Universe will potentially allow to train a selfdriving car using GTA 5 or other video games.

Figure 37: Transfer from video games to real roads
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The case of Human Behaviour
Of course the quality of a simulation matters as it determines if the Reality Gap can be crossed (i.e.,
if transfer learning will succeed in adapting the model that works in the simulated world so that it
works also in the real world). If the simulated world is too different from the real world, transfer will
just not occur. Determining the characteristics of a simulation to address a given transfer learning
problem, is a tough research question.
This is especially true when some aspects of the reality are complex to simulate, and one kind of
complex phenomenon that is of special interest for transport operators relates to human behavior.
Traveler data are indeed the result of human activities and realistic patterns of activity can only be
generated if we can simulate correctly the human part of the system.
The SE-Star simulator developed at ThereSIS is dedicated to the simulation of large crowds of human
actors. SE-Star proposes a meta-model of human behavior (featuring the notions of internal variable,
motivation, behavior, action, etc.) that can be used to design concrete behavior models (for instance
a traveler in a train station with a range of specific behavioral abilities to buy a ticket, take a train,
etc.). SE-Star is illustrated in Figure 38 below.

Figure 38: SE-Star simulation tool presentation
Once the behavior models are available, SE-Star makes it possible to generate various scenarios
with arbitrary starting conditions and event schedules, and compute the crowd reaction. This makes
it in turn possible to generate complex patterns of sensor data. However, since the behavior models
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are designed by humans, the resulting patterns will not necessarily exhibit the same distributions
(e.g. of crowd densities and flows) as those that are observed in real situation.
One possible route forward could be a hybrid approach using Transfer Learning coupled with a SEStar-like simulator to generate crowd behaviors that match better a given set of observations.
Translated into the language of Connective, this means that given a limited volume of sensor data
providing information about crowd positions, speeds and densities, we may try to generate a larger
volume of similarly distributed data for various conditions.
Such a proof-of-concept would yield interesting perspectives, both for transports (where results on
pedestrians could be replicated for other kinds of travel modalities) and different domains (e.g. cybersecurity where the quality of a network traffic generator could greatly benefit from being stimulated
by realistic user behaviors).

4.2.5 ALGORITHM DESCRIPTION
Our main initial experiments relate to the Station Crowd Behaviour use case.
When generating crowd behaviour data with a simulator such as SE-Star, it is up to the user to make
appropriate choices for the parameters of the model. However, the navigation model itself is fixed
and it is difficult to identify parameters that will match with given sensor observations.
In order to generate crowd behaviour data that may eventually match sensor observations, we
consider a different approach where each entity is driven by a trainable navigation model. In the first
iteration, all entities have the same model and must learn to navigate efficiently across space.
Each entity is generated at a certain position (origin) in a physical environment and must reach a
different position (destination). Entities have sensing and acting abilities that they can exploit through
a navigation model. Different reinforcements can be considered, e.g. speed is rewarded; collisions
are punished. A multi-agent reinforcement learning approach is used, where all entities share their
experiences to accelerate the learning of their common navigation model. The process is described
in Figure 39.
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Figure 39: Multi-Agent Reinforcement Learning: n agents in interaction with the environment
To this end, the Deep Q-Network algorithm was adapted for the multi-agent case using a shared
experience buffer. Origins and destinations were set so as to generate crossing flows and collisions
in order to learn interesting policies that depart from a naive baseline, whereby each agent would
move on a straight line to its destinations without considering the environment. The process is
described in Figure 40.

Figure 40: All agents share the same DQN and experience buffer
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Once a model has been learned, we want to compare the data it generates with real world sensor
records, and analyse the differences in order to improve the model. Due to the lack of real world data,
we use the Edinburgh Informatics Forum Pedestrian database instead, an academic dataset of
pedestrian trajectories.

4.2.6 RESULTS
The application of the algorithm above results in control policies that generate interesting crowd
behaviors: in particular, while each agent optimizes its own reward, avoidance behaviors emerge
even when collisions are not explicitly punished. Results are described in Figure 41. The green points
are entries or exits. A can be seen, after learning flows are created, each color being a relative to
people coming from a given entry and going to a given exit. The figure shows that despite the fact
that the flows cross each other, there are no jams and avoidance is successful.

Figure 41: Example of learned crowd behaviour
This can be demonstrated by comparing these navigation policies with a selfish policy that heads
straight to the destination – the latter is less efficient due to time lost in congestions.
The Edinburgh Informatics Forum Pedestrian database has the advantage of presenting real
trajectory data. However, the layout of the forum is simple compared to a train station and, more
importantly, the density of people in the forum is never comparable to that in a train station.
The latter consideration means that with this dataset we can only evaluate behaviours at trajectory
level, not at density level. However, individual trajectories are difficult to reproduce precisely and our
main target is to generate real sensor measurements, which are aggregated measurements more
comparable to density (e.g., counts and flows from Video Content Analytics).
Thus we would like a database with higher densities of people. In the following section, we provide a
phased plan that will leverage the SE-Star crowd simulator to address this difficulty.
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4.2.7 NEXT STEPS
In order to be able to evaluate our capability to generate virtual sensor measurements (as well as to
predict future sensor values of existing sensors), we will leverage the SE-Star simulator to create
synthetic records for a variety of crowd scenarios.
Using these data, we will be able to pre-assess the results during a first phase of work on wellcontrolled simulated data, before we evaluate them on real Shift2Rail data when they are available.
During the next one-year period, we will thus generate several datasets with the crowd simulator,
progressively increasing scenario complexity and the virtual sensor model will be developed in
several stages:





Generate virtual sensor outputs from other sensors and station topology information
Take into account context information (time of day/week, timetable, platform assignment, …)
Include position data for a small proportion of the crowd (as provided by the Travel
Companion)
Demonstrate the results of the previous three stages

After each stage, the results will be evaluated using the simulation data and the scenario for the next
stage will be updated.

4.3

VISUALIZATION: VIRTUAL REALITY
4.3.1 OBJECTIVES

The objective of this task is to create and demonstrate the usability of virtual reality as a data
visualisation tool. It aims at introducing new data visualisation techniques for Business Analytics.
Virtual reality offer good perspectives: take benefit of all virtual space to visualize and analyse more
and more data by moving inside dashboards, by superposing data in the space for comparisons and
by being able to visualize 3D charts and 3D graphs in a natural way. Visualizing data inside a virtual
world is different from seeing it on a desk screen. New concepts for user interaction, data
presentation and working flow need to be investigated to get the best from the medium. Collaborative
works should also be an advantage with virtual reality.
These advantages should compensate some drawbacks linked to virtual reality: you need to wear a
headset to be able to see it and you can’t wear it for multiple hours. You can’t type in your keyboard,
interact easily with people around you and you can’t print the visualisation in a paper for a report.
In this task, we will




Create new visualizations in virtual reality
See what visualizations have enough value to warrant the use of a vr helmet.
See how useable and easy the new visualisation are
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Be able to demonstrate the results to multiple people
See if/how two users can cooperate in vr to explore the data.

4.3.2 SCENARIO
To start with virtual reality, the following steps have been defined:
Explore
The data analyst has many data about his network and the travels made by his customer.
He wants to understand a situation, see how the people are behaving and the network is running.
He doesn’t know where to go, so he wants visualization that gives him the best overview of the data
in a user-friendly manner.
Explain
The data analyst wants to extract some information to resolve a problem. He knows where to go and
want a visualization that helps him understand the root cause of the problem.
Demonstrate
The data analyst wants to show something from the visualization to other people. They have to be
able to see the same rendering, and the demonstrator must have tools to direct the attention of the
group at the right place.

4.3.3 DATA
For the moment, virtual reality has been tested with the UK railroad network (real data but
confidential). The goal is to help the network owner to understand the state of its network and see
where some maintenance needs to be scheduled. It contains data about the state of the tracks (static
& dynamic data) and the previous maintenance operations.
These rich data will serve to build interactions, to develop components and to build scenarios. In a
second step (see next steps section), virtual reality will be implemented directly on the use cases
described above.

4.3.4 ARCHITECTURE DESCRIPTION
The visualisation is composed of multiple modules that run on multiple machines. As a user needs
its own headset and associated computer, the application must be a network-based application.
A server will serve as a bridge for all clients. It authenticates the clients, store the data the client want
to share and route the request from clients to clients.
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There are two types of clients: the visualisation client shows the current scene and updates his
position in the scene; and the dataset client that creates and shares the geometry, shares the
interaction code and reacts to client request when a change to the geometry is needed.
The architecture is described in Figure 42 below.

Figure 42: Virtual reality architecture description

Dataset client
This client is responsible to create and manage a scene. A scene is composed of a description,
geometry and interactors. The interactor code is shared from here but is executed in the other clients
that display the geometry. This code-sharing is a security risk; hence this is why each client has to
be authenticated.
The interactor’s code can launch a request (transmitted via the server) to the dataset client to update
the geometry or change the interactor. These changes are broadcasted to all visualisation clients by
the server.
The process is described in Figure 43.
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Figure 43: Sequence diagram for dataset client

Visualisation client
This client is linked to a virtual reality headset and is responsible to showing the scene to the user
and sends back his position an interaction.
First, the client asks the server what is available (list of scenes from dataset client). The user can
then choose the scene he wants to enter.
Inside a scene, the user will see the same thing as all other users connected to this one. The server
store the current state of the scene, so if the scene that has been modified by someone, it’s the
modified one that will be available. A reset of the scene should be possible do to with an interactor
given by the dataset client.
Each time the user move his head and wands, they are updated on the server and then broadcast to
all other clients, to let other users see where the user is in the 3D scene. When a user interact with
the scene (moving an object, changing a colour...), the effects are also updated on the server, to
synchronize the changes in the scene to all clients / users.
The process is described in Figure 44
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Figure 44: Sequence diagram for visualization client

4.3.5 RESULTS
Current state of the framework
The virtual reality server can get and broadcast the position of users and the characteristics of objects
in the scene to all clients. The current implementation is done in java, listening as a websocket server.
The dataset client creates a scene object and passes it to the server. The update of the geometry
from an interaction of a user isn’t tested yet. The current implementation is a java object inside the
server program, but using the same interface as a websocket client.
The visualisation client can select a scene, show it, interact with the given interactor, change the
current scene. The position of the user is sent to the server. The current implementation is as a webvr
application (html/javascript)
All of the components can talk to each other, tested with multiple dataset client and visualisation
client.
Based on this framework, different visualizations and interactions have been developed and tested.
Results are presented below. Unfortunately, the screenshots presented are a 2D representation of
what originally is a 3D visualization. So rending is not optimal.

Visualisation: mapping on a transport network-based
This visualisation is mapping of every big sections of the rail network of England. As the rails are
most of the times laid out by pair, and there are many crossing, we have almost no possibility to use
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the width of the section as a mean for displaying a data. On a normal screen, we have only the colour
available to map a variable on the tracks.
In virtual reality, we have access to the third dimension, and so we may be able to efficiently map
another variable as the height of the section. But this method is brutal, as it hides other tracks below
the new “wall”, and his height have to be of a good amount to be useful. In this visualization, we
explore other means to map multiple variables on the map by duplicating it and creating layers. The
user can select some variables and a new layer is created for each of them. A colour is affected to
each. A low value is grey and a high value is at the max saturation. The user can change the
separation distance between layers my pressing the trigger button and moving his hand up and down.
An example of the mapping is displayed in Figure 45.

Figure 45: Example of mapping of UK rail network

With this behaviour, we can map multiple variables on a the line, be able to see them in the global
map, and able to search for colour pattern. For example we can search for tracks that are new, in
bad shape and with not a lot of traffic over it. So, if we set the colour to green, red and blue, we
search for a pattern of grey-red-grey. An example of the visualization of multiple variables is displayed
in Figure 46.
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Figure 46: Example of mapping of UK rail network with the visualization of multiple variables

Visualisation: evolution of a variable on a track over time.
On the previous visualisation, we didn’t consider the time as a dimension. In this one, we limit
ourselves to a unique track, but with his evolution over time.
The track is considered as a line, from start to end. Perpendicular to that, we map the time (far=old).
On this surface, we map the state for the track (low = good, high = bad). In green, we show the
moment and the position of the maintenance operations. An example of the visualization is displayed
in Figure 47
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Figure 47: Example of visualization of spatio-temporal data

The following visualisation (Figure 48) helps the maintainer to see where the previous maintenance
operation occur and its effect, to see where it’s the most useful to plan the next maintenance
operation.
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Figure 48: Example of visualization of spatio-temporal data with moves inside the data

4.3.6 NEXT STEPS
From a technical point of view, important works have to be pursued. Some examples are described
below.
On the server:
 Authentication
 sharing of textures (images)
 dividing big messages into many small one to not block the pipe (useful for sharing big
textures).
On the dataset client
 testing interactors that ask to modify the geometry.
 testing a javascript client.
On the visualisation client:





better gui toolbox & generic api for interactors
freeze-free system (if possible) for creating geometry.
welcome environment with logging tool
better graphics for other users representations

CONN-WP2-D2.7

Page 70 of 72

30/11/2018

Grant Agreement No. 777522

From use case point of view, data will be enriched with the use case data once these use cases will
produce richer data. In particular, the data from the following use cases will be used:



“Smart” Operational control centres
Station crowd behaviour (in relation with IP3 In2Stempo project)
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5. CONCLUSION
This deliverable reflects the initial works accomplished by the partners in relation to data management,
analytics and visualization. The works are illustrated with a number of use cases that have been
proposed, in relation to operational control centres, station crowd behaviour, equipment monitoring
equipment and maintenance activities.
For the scope of the C-REL, the use case are focused on building the foundation of the Data
Warehouse, the architecture and descriptive analytics. While the core release has a limited and
relatively simply data scope it should be taken into account that it is only the starting point of the works,
and has the main focus on building the warehouse and the implementation of the architecture. More
complex analysis will be performed in the next months, using the data available, and also including
Predictive and Prescriptive analysis. The document also tries to make the link among these activities
and other IP4 functionalities, as the Trip Tracker and the Travel Companion.
It is worth mentioning that although the project plans to use data provided by travel service providers,
at this stage, open data sources have been also considered. However, this data is relevant enough to
validate the use of the architecture and to model descriptive analytics techniques that could be
afterwards applicable to other similar data sources.
Apart from the descriptive analytics explained through the document (related to
T2.5), works have also started in relation to data anonymization and data generation (T2.4) and
visualization (T2.6), that in future phases will be integrated within the use cases explained here, and in
new use cases proposed.
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