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EXECUTIVE SUMMARY
The “Data Management, Analytics and Visual Analytics Document” reports on the activities performed within
CONNECTIVE-WP2 for the alpha release (A-REL) in tasks 2.4 (Data Management), 2.5 (Analytics) and 2.6
(Visual Analytics).
The deliverable describes the different implementations that have been developed around the three use
cases defined for the alpha release. These use cases have been developed with real operators (officially
linked to the project or not officially linked):
 “Smart” Operational control centres (Thales),
 Public Transport bus services (INDRA),
 Maintenance activities/assets degradation impacts mitigation (Hitachi Rail STS).
For each use case, objectives and data are briefly explained, although more details can be found in document
“D2.5 Needs and related features”. Then, implementation, results and next steps are described.
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1. INTRODUCTION
The present deliverable explains 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.
Development of components is based on the development around the use cases that have been defined in
the deliverable “D2.5 Needs and related features”.
The document describes the current implementation (AREL) of the different use cases:




Chapter 2: “Smart” Operational control centres (Thales),
Chapter 3: Public Transport bus services (INDRA),
Chapter 4: Maintenance activities/assets degradation impacts mitigation (Hitachi Rail STS).

For each use case, objectives and data are briefly explained, although more details can be found in document
“D2.5 Needs and related features”. Then, the document explains in detail the implementation of all
components, results and next steps.
It is worth mentioning that a first draft version was delivered before the official submission date in order to
allow reviewers to evaluate the results achieved in 2019. The current version completes the previous one
and takes into account reviewer´s comments (a table with the comments and how the project tackled them
is included at the end of the document).
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1.1
Acronyms
A-REL

LIST OF ACRONYMS

Meaning
Alpha Release

BA

Business Analytics

BI

Business Intelligence

CCTV

Closed-Circuit Television

GDPR

General Data Protection Regulation

IP

Innovation Program

MaaS

Mobility as a Service

RDG

Rail Delivery Group

RSSB

Rail Safety and Standards Board

S2R

Shift to Rail

TD

Technical Demonstrator

TSP

Transport Service Provider

WP

Work Package
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“SMART” OPERATIONAL CONTROL CENTRES USE CASE

2.

This chapter introduces the objectives of the “Smart” Operational Control Centre” Use Case and details the
different components developed and the results achieved.

2.1

OBJECTIVES

“Smart” Operational Control Centre aims at two goals:



Operational management of the network: The objective is to optimise transportation performance
management.
Incident management: 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.

Final goal is to improve safety, increase efficiency, reduce the impact of disruptions on the travellers and
provide them an enhanced experience.
Based on these goals, Table 2 presents different possible scenarios regarding the time horizon of the
analyses.
Table 2: List of different scenarios linked with the time horizon of the analyses
Time horizon

Business
objective

Scenario

Long term
(days to months…)

Plan

Plan supervision in case of specific events

Medium term
(hours)

Adapt

Manage incidents on the network

Real-time (minutes)

React

Manage people on crowded platforms

These scenarios are described in the deliverable “D2.5 Needs and related features A-REL”.
This document describes the different components that have been developed for these scenarios. The
following components are presented:





Anonymisation
Data generation
Predictive models
Visualization
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2.2

ANONYMISATION

2.2.1 INTRODUCTION
We recall that anonymisation 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 on data
typology, of the future use of data, and time. Indeed, new datasets can be used and new re-identification
methods can be applied. There is not a global anonymisation method which fits all applications and an
anonymisation 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 to individuals behaviours (e.g. time and localization of validation in a public transportation network),
which are personal too.
Spatial and temporal data are common in the transportation domain. This includes ticketing data, geolocated
data with mobile phone applications etc. In CONNECTIVE project, the development of anonymisation
techniques has been focused on the anonymisation of this kind of data with differential privacy algorithms.
This component has been developed and tested for the scenario ‘Manage incidents on the network’ using
detailed ticketing data.
The algorithm is presented first. Then the results are presented: the information loss due to the
anonymisation process is very small (less than 5%), justifying the use of the anonymised data with the
prediction models.

2.2.2 DIFFERENTIAL PRIVACY ALGORITHMS
Differential privacy is a framework for evaluating the guarantees provided by a mechanism that was designed
to protect privacy. The basic idea is to randomise 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, randomisation
ensures that the noisy datasets are independent of the participation of a single user and protect against
linkage attack. The noise will be dependent on the sensitivity, which measures how much each individual
impact the query. The process is described in Figure 1 below.

CONNECTIVE – GA 777522

Page 13 of 81

Figure 1: 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.

2.2.3 RESULTS
Works initiated in 2018 have been enriched with ticketing data coming from a subway operator (who
accepted to share its data but not give its name).

Number of check ins

Differential privacy algorithms have been developed with the addition of a “smart” noise that takes into
account the fact that the data are periodical time series (see Figure 2 below). Using a Fourier decomposition
of the time series, the noise that is used is based on the Fourier components and not on a naïve noise. This
way, the added noise keeps information about the structure of the data.

Differential Algo1
Differential Algo2
Raw data

Day 1

Day 2

Day 3

Figure 2: Time series data representing the number of check-ins in a particular station for three days,
each hour of the day
Using this method allows to have a difference between the anonymised data and the raw data (information
loss measure) very small (less than 3% in general – see Figure 3 below). Indeed, this rate has to be compared
to other error rates like fraud rate (in France, the fraud rate is around 9%, that is much higher than the
average (3%) of the most important cities), bad quality of data (in Paris, 20% of data are missing due to the
CONNECTIVE – GA 777522
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fact that some people travel using only tickets and not smart cards or forget to validate with their cards inside
buses, trams and open stations – with no gates).

Figure 3: Example of MAPE (Mean Average Percentage Error) values for one station and one day. MAPE is
the average ratio of the absolute error between the true and the anonymised series, over the true value
and is expressed in percentage.
In the Figure 3 above, it can be seen that all values are less than 3% except at 5am where the error is around
13%. It is due to the fact that at this time few people enter the station and the addition of the noise has a
more pronounced impact.

2.2.4 CONCLUSION
In conclusion, the anonymisation process keeps a good level of information for further analyses like
station/location occupancy, passenger flows and anomaly detection. And anonymised data are a good
compromise between original data (with the risk linked to privacy issues and GDPR using indirect identifiers
like a “pseudonymized” transport card number) and open data (that are in general much aggregated and not
useful in short/medium term prediction…). Results have been presented in Journées de la Statistique (JDS
2019) in Nancy, France, in June 2019.

2.3

DATA GENERATION
2.3.1 INTRODUCTION

Data generation algorithms have been developed in the context of crowd supervision, inside one station or
over the whole network.
Two approaches have been studied and aimed at different goals:



Virtual sensing focused on analyses at the station level (corridors, platforms)
Passenger flow simulation focused on analyses all over the transport network
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2.3.2 VIRTUAL SENSING
Crowds in public places like train stations are usually monitored using cameras. However, given the costs and
feasibility, it is not possible to cover every point of the space. So, some zones are blind and if something was
to happen there, it would be missed and this may put some passenger lives in trouble. One way to tackle this
problem is to consider virtual sensing.
Virtual sensing aims to produce measurements in areas not equipped with real sensors. This is achieved by
a form of extrapolation or interpolation of real measurements.
To achieve that, we first generate data using a crowd generator (from THALES) for a given station with as
realistic as possible scenarios. Indeed, Thales has developed a modelling and simulation tool, named SE-Star
(see Figure 4 below), dedicated to addressing 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.

Figure 4: SE-Star simulation tool presentation

We first modelled a simplified station with different entries and a large concourse (see Figure 5 below). The
station has been divided between areas covered by cameras and blind areas. The zones are then numbered
and density counts are performed for each simulation step. For each instant t (simulation step), we therefore
have a vector containing the densities (in terms of number of passengers) in all zones of the station. Some
CONNECTIVE – GA 777522
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areas are then considered as blind and we have to use ML algorithms to estimate the corresponding
densities. As data is simulated, we know the ground truth and we can then compute the errors of the ML
models.

SE-Star and crowd generation

Virtual sensors

Data for modelling

Figure 5: Virtual sensing and its use to estimate densities in blind zones
Based on the simulated data, the system computes for each zone (corresponding to the field of one camera)
the number of people in the zone (as if it has been computed by a VCA system), each 30 seconds. The data
has been generated for one day (between 5am and 12pm). For each zone, a file is created with for each
timestamp the number of people computed. Figure 6 displays the results for one camera.

Figure 6: Number of people in one zone covered by one camera
We then arrange data as vectors or matrices according to the space division as described in Figure 5 above.
After that, we perform a supervised learning with labels being the densities of the blind zone and the data
the densities from visible zones.
Three data configuration are used for the modelling:


C1) Input data is considered as a vector and the output is a scalar
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C2) Input data is considered as a matrix (6x8 as described in Figure 5 above) and the output is a
scalar
C3) Both input and output are a matrix (6x8 as described in Figure 5 above). For the output matrix,
all cells are equal to zero except for the

Based on these data configuration, three models have been developed and tested:




Random forests used as the baseline model with the C1 configuration
A Multi-Layer Perceptron (MLP) with the C2 configuration
A Convolutional Neural Network (CNN) with the C3 configuration

Results are displayed in Figure 7 (for baseline model and MLP) and Figure 8 (for baseline model and CNN).
For each figure, three graphs are presented, corresponding to three different historical data:




T=1 corresponds to the last timestamp (the last 30 seconds)
T=2 corresponds to the two last timestamps (the last minute)
T=3 corresponds to the three last timestamps (the last 1 minute and a half)

Figure 7: Prediction error for baseline model with C1 configuration (green curve) and MLP with C2
configuration (blue and orange curves)
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Figure 8: Prediction error for baseline model with C1 configuration (green curve) and CNN with C3
configuration (blue and orange curves)
The following conclusions can be made:




In all cases, the CNN neural network does better than the baseline (random forest) whatever the
length of the T sequence (history) and the layout of the output data.
Considering the C2 configuration, the T length has a slight influence on the performance. The more
the length is increased, the better the prediction.
Finally, C3 configuration is significantly better than C2 configuration, with the prediction error clearly
tending towards zero. This can be explained simply by the fact that the spatial configuration of the
data is taken into account both in input and output in C3. This result is logical as like in image analysis
and object recognition, in which CNNs are the most powerful algorithms, virtual sensing is a
technique where the spatial arrangement of the data is important.

Results are quite promising, but from an operational perspective, the developed system has the following
drawbacks:




The simulation works only for one station at a time.
3D model of the station is needed to generate the people flows inside the station
The simulation is a micro-simulation system (that simulates each individual inside the station). It
provides very fine information but it is time consuming if we want to simulate several days or several
stations.

Therefore, studies are limited to one station and analyses between stations (to check for example the
propagation of a specific situation, like delays or incidents, over the network) is not possible.
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2.3.3 PASSENGER FLOW SIMULATOR
With passenger flow simulator, the goal is to work not only at a station level and at micro-level as in the
previous data generation system, but to obtain a macro-level simulation that works for the whole network.
As described in deliverable CONN-WP2-D-THA-2.5 Needs and related features A-REL, simulation aims to
provide tools to transport planners to optimize the timetables by considering demand forecast as identified
by predictive analytics.
This tool is based on a passenger flow simulator (PFS) which helps identifying conflicts between transport
offer vs passenger demand and computes forecast KPIs for a defined transport service.
Figure 9 presents an illustration of the proposed network service optimization process.

Figure 9: Network service optimization process
As shown in this figure, the input information to enable the process are:





The passenger demand forecast based Origin/Destination Matrix (O/D Matrix) that provide for each
couple (station_a; station_b) of a line or a network and a given timeslot of a day the ratio of the
passenger entering at station_a that are going to station_b. Coupled with the passenger counts
expected to enter at station_a, this provides the demand in the timeslot between station_a and
station_b;
The timetables figure the planned regulation of the transport service. It indicates the departure time
and expected arrival time of each train at each station and also the dwell times that are applied.
The passenger exchange time (PXTM) model provides the duration needed for passenger to alight
and board from a train at a platform.

Integrating this information, PFS computes how passengers flow across a line or an entire network and
generates related data.
With this data, it is possible to identify stations/timeslots of interest for optimization or conflict resolution
and compute KPIs.
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The PFS design is illustrated in Figure 10. It presents four major components:

Figure 10: PFS design










Dataset manager that contains all the put data required for simulations:
o The travel passenger entries computed from O/D matrix through a macro to micro flow
compiler;
o The network topology information.
PFS driver that feed the PFS core with the required simulation information (e.g., time steps, actual
capacities of running trains);
Passenger Exchange Time model already described above. Since this model can evolve
independently of the PFS, it is not directly integrated in the PFS driver but is an external module that
interfaces with PFS Core to provide specific exchange times on demand;
PFS core that “animates” the simulations driven by the PFS drivers, ingesting information from the
dataset manager and PXTM.
PFS Core generates and logs run-time information (e.g. instantaneous platform occupation, actual
dwell times). These are used for KPI computation for the whole service at simulation end. They can
also be are also used for fine-grained analysis of a particular time slots by correlating passenger flow
status and timetables.
PFS core offers interfaces to integrate with external GUIs (either dedicated applications or webbased services through appropriate adapter).

PFS Core may also propose “snapshot” feature permitting to save the current status of a simulation that can
afterwards be used as initial conditions for new runs with alternative transport service in order to assess
which is the most relevant (what-if simulations).
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2.3.4 NEXT STEPS
At first, a timetable tester will be developed and integrated. With this tool, relying on planner expertise,
mitigation or improvement strategies are defined and impacts on transport service efficiency and KPIs are
assessed to identify the most applicable one.
Then PFS can enable prescriptive analytics through the integration in a decision support system (DSS) that
will suggest optimization strategies to the transport planner.
Additionally, studies to elaborate PXTM based on video content analysis and possibly existing CCTV cameras
could be carried out. In this perspective, works initiated with virtual sensing could enrich the previous
analyses with finer analyses at the level platform. Indeed, on the station platform, the variation in the number
of people present depends on a number of factors, mainly the arrival or departure of one or more trains,
with people getting on/off trains. The resulting crowd movements take place between several areas, some
covered by cameras but not others as shown in Figure 11. Measuring the density of people in each zone at
time t, either real or inferred by virtual sensing, provides a global view of the entire platform.

Figure 11: Platform with zones covered or not by cameras (example)

2.4

PREDICTIVE ANALYTICS
2.4.1 OBJECTIVES

Predictive Analytics is a central problem for operators, allowing them to anticipate and react in face of
particular event or situation. In this task, this problem is tackled by a variety of methods, regarding different
time horizons (short/medium term, long term) and the different use cases with their specific data.
A set of predictive models are developed, from classic models to more advanced models based on deep
learning.
To evaluate the different models, two methods have been used:



A training, test and validation datasets
A k-fold validation method.
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2.4.1 CLASSIC MODELS
Generic models have been used, like linear models, ARIMA (Auto Regressive Integrated Moving Average)
models, Gradient Boosting Regressor (GBR), regularized (Lasso & Ridge alike) linear regression, and the
multilayer perceptron algorithm (MLP algorithm)…
These models have been used for long term prediction, to predict passengers’ flow.
Typical time-series of passengers’ flow is represented in Figure 12 below:

Figure 12: Number of validations in a station
Every Sunday, passenger flows drop abruptly. And every week-day, the overall shape of the hourly passenger
flow profile is preserved (except on October 30th). Hence, we can say that the minimum periodicity, and
hence the minimum time-horizon for passenger flow predictions is a week. But there is another interesting
time horizon: 364 days. Yes, it's 364 days and not 365, because 364 = 52*7 is the multiple of 7 which is closest
to 365. And in fact, we need a multiple of 7 to respect the periodicity. For instance, we must ensure that in
order to predict passenger flows on Sundays we will use the data from previous Sundays and not previous
Saturdays or Mondays (the resulting predictions would be fatally flawed).
And in principle, 364 days is a better time horizon than 7 days, because it takes into account some holidays
that only take place once a year. For instance, with a 364-days time-horizon we would be predicting this
year's Toussaint holiday's passenger flows by using data from previous Toussaint holidays.
However, empirical data shows that in practice the 7-days time horizon is better suited for our predictions.
For instance, let's analyse the passenger flow predictions and historical data for Austerlitz Metro 10 station
during the period 08/14/2018 - 09/10/2018.
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Figure 13: Comparison of the number of validations from 2015 to 2018 for a same periad

Above, we see the historical data for this period of time from 2015 to 2018.
And here we have the predictions for this period with a 7-days time horizon, using a Gradient Boosting
Regressor (GBR). The results are fairly similar for other methods like linear regression, regularised (Lasso &
Ridge alike) linear regression, and the multilayer perceptron algorithm (MLP algorithm).

Figure 14: Predictions with a 7-days time horizon
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We can see that on week-ends our predictions are fairly good, but on week days they slightly underestimate
actual passenger flows. Moreover, on August 15th and 22nd our predictions are simply flawed. This comes
from the fact that on August 15th 2018, there was an exceptionally low number of validations in Austerlitz
Metro 10 station, and since we predicted the observations of August 15th and 22nd based on those a week
earlier, we severely overestimated passenger flows on August 15th and underestimated those on August
22nd.
One could think the problem described in the previous paragraph stems from the "Assomption" national
holiday (which takes place on August 15th), since in theory people are not required to work on that day. If
this was the case, then a 364-days time horizon prediction should solve the problem, because we could
expect passenger flows to drop on each "Assomption" holiday. However, historical data shows that 2018 was
an exceptional year in that passenger flows on August 15th in this station were much lower than in previous
years. And when we analyse the predictions made with a 364-days time horizon, we still get abnormalities:

Figure 15: Predictions with a 364-days time horizon
Above, we see that yes: our predictions for August 22nd are correct, but this time we severely
underestimated passenger flows on August 14th and overestimated those on August 15th. A closer look at
the historic data shows that on August 14th 2017, passenger flows were exceptionally low, whereas on
August 15th 2017, they were exceptionally low, and this accounts for our prediction errors.
The overall quality of our predictions for a 7-day time horizon can be assessed thanks to the following graph:
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Figure 16: Variance score for our prediction with a 7-day time horizon
The variance score of our predictions is of 91%, which is good considering that a score of 100% would imply
a perfect prediction.
Yes, the score is high, but passenger flow time series are remarkably periodic and deterministic (drastic
changes in passenger flows are very rare), and hence these results are to be expected.
The overall quality of our predictions for a 364-day time horizon can be assessed thanks to the following
graph:
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Figure 17: variance score for our prediction with a 364-day time horizon
Here, the variance score is of 87%, which means that all-in-all, predictions with a time horizon of a week are
better than those with a time horizon of 364 days.
This is a general trend, since we have observed the superiority of weekly predictions over yearly predictions
over all the couples (station, line) that we have analysed over different periods of time.
As different models will be developed and tested for the long-term prediction, a passenger flow prediction
tool has been created to simplify the selection of every parameter of each model. The tool is represented in
Figure 18 below:
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Figure 18: Passenger flow prediction tool
After selecting the time horizon and the period of study, we choose the machine learning regression model
that we want to use. For some models, we may select additional parameters. Such is the case of the MLP
algorithm, which enables us to choose the number of hidden layers and a regularization parameter.

2.4.2 MORE ADVANCED MODELS: RNN
In the previous section, classic models used to forecast time series are generally based on linear-regression
to model the relationship between past and future observations. When the dependencies between past and
future are not linear, deep learning might be better suited for forecasting. Recurrent Neural Networks (RNNs)
are now classical tools to tackle non-linear time-series prediction.
But these models do not take into account potential exogenous factor influencing the observations through
time. For example, in a road network, the condition of the roads can have a strong influence on the traffic
flow. In addition, some periods of the year such as holidays, can also greatly impact the outcome of an
observation. Such prior knowledge is referred as contextual information or simply context. This context can
be used when dealing with time-series to construct trivial, yet informative, baseline by simply averaging the
past values given a context.
The two models (Multivariate RNN and Spatial RNN) presented in this section follow the following idea: they
model context of multivariate time-series within a recurrent architecture and introduce context-embedded
RNNs. An embedding is a mapping of a discrete — categorical — variable to a vector of continuous numbers.
In the context of neural networks, embeddings are low-dimensional, learned continuous vector
representations of discrete variables. Neural network embeddings are useful because they can reduce the
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dimensionality of categorical variables and meaningfully represent categories in the transformed space.
Therefore, for each contextual feature, we concatenate an embedding that is to be learned jointly with the
weights of the network. In this works, we consider two contexts: spatial context in the form of subway
stations and temporal context through day of the week and time of the day. These models, integrating
contextual information, give better results than classic models, and are particularly useful to detect quickly
deviations from normal situations.
Multivariate RNN: In this model we consider that each sample represents a single day over the whole
network and is a multi-dimensional sequence 𝑿𝑑 ∈ ℝ𝑆×𝑇 , where S is the number of stations and T the time
dimension. This representation assumes a correlation between the values of the different stations at each
time 𝑡. We compute 𝑝(𝒙𝒕+𝟏 |𝒙𝒕 , . . . , 𝒙𝟎 ).This is similar to spatio-temporal models, but here the relations are
not specified and the network must discover them during training. At time 𝑡 the vector sample 𝒙𝒕 ∈
ℝ𝑆 represents the observed state of the subway network, which is combined with the current hidden state
ℎ𝑡 ∈ ℝℎ by the recurrent encoder to compute the next hidden state. During this stage, the recurrent
encoder 𝐸has used several layers to combine past and current information into a synthetic state which is
decoded back to 𝑆 predictions by𝐷. I.e.: ∀𝑡 ∈ {1, . . . , 𝑇 − 1}, 𝒙𝒕+𝟏 = 𝐷(𝒉𝒕+𝟏 ) = 𝐷(𝐸(𝒙𝒕 , 𝒉𝒕 )). This
architecture captures the dynamics and the correlation of the entire network. Spatial context is not explicitly
specified but included in the weights of the network.

Spatial RNN: We consider 𝑁 ∗ 𝑆. samples 𝒙𝒔 ∈ ℝ𝑇 , with N the number of days, that are encoded into a
singular hidden state. Moreover, there is a single couple (𝐸, 𝐷) shared across all the stations —as in the
Multivariate RNN— that allows to take into account the correlations between the stations and greatly
reduces the number of weights. This time, spatial context is explicitly learned in the form of a matrix of spatial
embedding 𝒁𝑠 ∈ ℝ𝑆×𝜆𝑠 . An embedding allows representing a categorical feature in continuous variables.
The advantages compare to a one-hot encoding is that we can choose the embedding dimension and the
representation is less sparse. For each station s, the corresponding embedding 𝒁𝑠 is concatenated to the
observation. At time step 𝑡, for a station 𝑠, the observation is concatenated to the embedding of size 𝜆𝑠 . The
resulting vector and the hidden state are encoded via the common encoder E into a hidden state representing
only this station. This state is then decoded into a single-valued prediction.

Figure 19: Spatial Network Architecture.
We process in a similar way to introduce time dependency. The count of passengers is strongly correlated to
the day of the week: the peaks of passengers change according to workdays (Monday, Tuesday... Friday) or
week-end days (Sunday, Saturday). Moreover, the peaks are also obviously correlated to the time of day: on
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many stations, during workday, there is a peak in the morning and in the evening, which can be related to
hours when the commuters go to work. We learn an embedding for each of the seven days and another one
for the time period in the day. The two last embedding allow taking into account the temporal information
at different scales. See Figure 19 above for an illustration of the architecture.

Numerical Experiments
Works have been done on the anonymised data described in section 2.2 where ticketing data coming from a
subway operator have been used. The goal is one-hour ahead forecasting. For each goal we consider the
spatial context as the knowledge of the subway stations and temporal context as the knowledge of the day
of the week and time in the day.

Figure 20: Count of passengers (y-axis) for two stations of the Anonymous network during one day (x-axis
corresponds to hour of the day, 5-23 values corresponds to day J, and 0-4 to day J+1).
We aggregate the three (stations, time, user) features by quarter of hours for each station by giving the count
of passengers entering a station during the quarter. Figure 20 represents such data, where each figure gives
the influence at a specific station. We can observe that the morning peak is longer and less intense for the
station on the left figure while the two peaks corresponding to the commuters going to their work can be
observed on the right figure.
Baseline: We consider an averaging model: for each station and according the day type (Monday, Tuesday,
etc.) we compute the average count of passengers on the training set every quarter of hour.
Metrics: four metrics are considered to assess the performances of the proposed models: the Root Mean
Square Error (RMSE), the Mean Absolute Error (MAE) and a modified version of Mean Absolute Percentage
Error (MAPE) taking into account the null values and the time computation for learning. The two first criteria
are absolute criteria: they are in the same units than the target but not scale invariant; hence we compute
them on normalized data as the stations can have different order of magnitude in the passenger counts.
RMSE penalizes more strongly the strong errors than MAE. MAPE is scale invariant measure and has no units.
Moreover, we recall that the MAE and MAPE are metrics that are less sensitive to the presence of outliers
than the RMSE.
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Pre-processing: Data are normalized at each station: Values greater than the 99.9th percentile are truncated
to avoid outliers then Min-Max scaling between -1 and 1 for the Parisian Network and between 0 and 1 for
the Anonymous Network is applied. This rescaling to the 99.9th percentile yields the distribution of the count
of passengers to have the same support at each station; this prevents the models to overfit on the stations
with a large count of passengers.
Results: ¡Error! No se encuentra el origen de la referencia. below reports the average performances and
standard deviation for the three proposed models. The Multivariate RNN has slightly equivalent performance
than Spatial RNN. The two RNNs have significantly smaller RMSE, while the MAE is similar for the three
models.
We give two examples of day of service predicted step by step for the Anonymous Network in Figure 21. On
the left-hand side of the figure, we see that the Baseline Model is performing well. We can consider it is a
‘normal’ day because what happens is very close to the average behaviour for this station and for this type
of day. Both Neural Networks are well performing too. Whereas on the right-hand side we see that the
Baseline Model is missing some events. It underestimates the passenger peak, both at the beginning of the
peak (around 2 pm) and at the end of the day (from 8pm). Both RNNs achieve good performance and are
able to follow the new shape of the curve. From these experiments we draw four conclusions:







The experiment on the anonymous network (which is a small network) suggests that it is enough
easy for the Multivariate RNN to find the dependencies between the stations and Multivariate RNN
has similar performance that the Spatial RNN.
Since the MAE is similar for both RNNs and the Baseline, but the RMSE is better for the RNNs, it
suggest that the RNNs are better at predicting ‘abnormal’/rare events, while they have similar
performances for ‘normal‘ events.
The MAPE suggest that the Multivariate RNN is the worst at predicting period with a few counts of
passengers.
If we consider a normal day to be well described by the Baseline, the RNNs could be used as anomaly
predictors by raising an alert when their prediction is far from the Baseline (see Figure 21).
Table 3: Performance on the Anonymous Network. Lower is better
Model

RMSE

MAE

MAPE
(%)

Computation
time (s)

Baseline

0.035
(0.005)

0.017
(0.001)

7.6 (0.8)

1 (0)

Multivariate

0.026
(0.000)

0.017
(0.000)

8.5 (0.3)

683 (8)

Spatial

0.025
(0.001)

0.016
(0.001)

8.5 (0.6)

8616 (28)
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Figure 21: Passenger count predicted for two service days in the Anonymous Network.
Conclusions and further directions
Baseline Model based on averaging the behaviours at each station in a day is able to predict well ticketing
data for normal case. We showed that on two transport networks, RNN are both able to enhance the
(abnormal) peaks of passengers count compared to the Baseline. As a result, contextual models are robust
to abnormal case and outperform the average model in terms of prediction.
Baseline Model seems more efficient for small value of passengers count: it occurs generally during the night.
Deviation between contextual neural networks and baseline model could be interpreted as an occurrence of
an anomaly. Baseline Model and the two Neural Networks enhance different information and perform well
for different windows.
Furthermore, we focused on prediction at time 𝑡 + 1when we consider all information available at time 𝑡.
An interesting result is to use previous trained models but assuming that for the testing set, 𝑡 is no more
available for forecasting and use the prediction made for time 𝑡 instead of the real value, and study the
model performance degradation. Then we can iterate this process: assuming that 𝑡 and 𝑡 − 1are not
available, substitute them by the prediction made for 𝑡 − 1 and 𝑡, etc. With this process, we can measure
the lag at which the contextual Neural Networks have a worse performance than the Baseline Model, the
performance of which is not impacted by this process.
Results have been presented in WCRR2019 (World Congress on Railway Research, in Tokyo, in 2019).

2.4.3 MORE ADVANCED MODELS: LSTM
Another kind of deep learning method has been used to predict train delays. LSTM (Long Short Term Memory)
neural networks are a particular RNN network.
An idea for better evaluating the model's predictive power would be to compute predictions for timedifference data. In other words, we would be trying to predict the difference between two consecutive values
of the time series, instead of predicting the time series itself. Our approach was therefore to implement LSTM
neural networks for predicting time-differentiated train delays.
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The results were encouraging, yet far from perfect. Below we show the train delay predictions for the Paris
Ligne L-Direction Gare de St. Lazare's "La Défense" station, over the period stretching from December 1 st,
2018 to December 20th, 2018:

Figure 22: Predictions for time-differentiated train delays
And here we have a scatter-plot of predictions vs. observations:

Figure 23: Scatter-plot of predictions vs. Observations
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As we can see, the scatter-plot isn't uniformly distributed around the red line. It sticks pretty well to the red
line. And here we have the predictions of actual (normalized) delays:

Figure 24: Predictions for normalized train delays

And below we have the corresponding scatter-plot of predictions vs. observations:

Figure 25: Scatter-plot of predictions vs. observations
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Again, we see that the results aren't perfect, but we can see that predictions fit the overall shape of
observations, which is encouraging since this shows our methods is able to predict global tendencies.
Conclusions and next steps
LSTM neural networks proved to be a useful tool for predicting train delays.
However, their predictions were only capable of predicting the overall behaviour of actual observations. We
could reasonably think that train delays are the sum of a pattern-rich component, to which LSTM networks
are sensitive, and some random noise. The theory behind stochastic processes might be helpful for making
more exact predictions.
The concrete plan of action is the following:
1. Do tendencies in train delays (i.e. the time series without their seasonality) follow global patterns,
and if so, are these patterns what LSTM neural networks are learning?
2. If the previous point is true, can we establish a convergence theorem: i.e. can we get an arbitrarily
good approximation of train delays' tendencies with LSTM neural networks, provided we choose the
parameters carefully?
3. Explore stochastic processes that could model train delays' random component. Are birth-death
processes adapted?

2.5

VISUALISATION

2.5.1 INTRODUCTION
In CONNECTIVE, three kinds of techniques of analytical and interactive visualisation, allowing the users to
investigate the data are studied:




Data Lake investigation with search and query tools;
Interactive and dynamic visualisation capabilities;
New techniques of virtual reality.

Within the use case, these different visualizations will be developed respectively with the following tools:




Elasticsearch/kibana
Kepler
Virtual reality tools

The same data has been used for the three visualizations: it is the open data coming from “Ile de France
Mobilités” (The Public Transport Authority for Paris and suburbs) and RATP (subway operator in Paris). The
data consists in:



Geoposition of each railway station (more than three hundred stations)
Historical datasets (5 years)
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
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Real time data (continuous data crawling on the Internet each day since 24/06/2018)
o Waiting time displayed on each railway station
o Incidents
o Alerts
o Weather forecast
o Road traffic
Calendars:
o School calendar
o Events calendar
o Historical weather calendar
o Lunar calendar
o Sun calendar

2.5.2 DASHBOARDS (KIBANA)
Initial dashboards have been implemented. The following dashboards and KPIs have been built:




Train delays
Alerts and Incidents
Correlation between weather/alerts/delays/calendars

They will be enriched when the analyses of the data will be more advanced. These dashboards are very useful
to investigate data and to identify some correlations between contextual data (weather, traffic, alerts) and
public transportation usage.
Figure 26 below is an example of dashboard where we hope to find a correlation between weather and alerts.
It 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 26: Dashboard with the weather and alerts

2.5.3 MORE INTERACTIVE VISUALIZATIONS (KEPLER VS KIBANA)
With Kibana, it is also possible to display cartographies. Few examples are presented below.
The Figure 27 below illustrates the workload of each railway station. It’s possible to use a spatio-temporal
filtering.

Figure 27: Distribution of the number of validations on the railway network (Ile de France)

CONNECTIVE – GA 777522

Page 37 of 81

The 2 maps below (Figure 28 and Figure 29) enable to visualize the variation of the validations number
between the morning and the evening, thus it’s possible to estimate passenger flows.

Figure 28: Distribution of the number of validations among stations of metro line13 in the morning

Figure 29: Distribution of the number of validations among stations of metro line13 in the evening
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As we may have noticed in the previous visualisations, the classical geospatial visualisation are interesting,
but not very convenient to visualize data evolution over time.
So we assessed an advanced geospatial visualization tool named kepler.gl.
Kepler.gl can handle spatiotemporal data and add time playbacks to visualize data evolution over time, in
other words kepler.gl provides a lens to bring clarity to the understanding of the movements and travel
behaviours of people in cities.
As illustrated in Figure 30, if you have time values in your dataset, an interactive timeline with a “Play button”
will appear across the bottom of the map. When the “Play” button is pressed, a line will move across the
timeline, showing the amount of information that you have chosen with the slider at a given moment (all of
the points will eventually be displayed). You can adjust the playback speed at the top right of the timeline.

Figure 30: Kepler.gl visualisation with interactive timeline
Moreover, Kepler supports 3D map as illustrated in Figure 31.
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Figure 31: Map with buildings in 3D
It is possible to investigate trends on various geographical levels, including region, state, city, and county. A
variety of maps, such as points, networks (see figure below), and choropleths, can be created (or compared)
with filters and layering.

Figure 32: Illustration of networks

Kepler.gl also provides a method named « dual map » to compare map styles.
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We typical use it to compare the inflow with the outflow into each station. In the Figure 33, the inflow is on
the left side and the outflow is on the right side. Note that we have only inflow data, so we have created an
algorithm to estimate the outflow.

Figure 33: Dual map for comparison with Kepler.gl

2.5.4 VIRTUAL REALITY
With virtual reality, the goal is to introduce new data visualisation techniques for Business Analytics. Indeed,
virtual reality offer good perspectives, compared to more classical visualisations: 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.
Moreover, today, technologies are accessible and robust. On the platform developed in 2018 (and described
in the deliverable…), new interactions and new ways to visualize data have been developed.
In terms of interactions, the following ones have been created:






Teleportation: from one place to another place
Moving the scene
Zooming, de-zooming
Selecting different graphs for stations
Superposing graphs

The following figures illustrate (in 2-dimension) different examples of graphics. And you have to imagine that
you have a virtual helmet to navigate inside the data in a 3-D world.
Figure 34 shows the city of Paris mapped on the globe with Paris network displayed. Each blue bar
corresponds to the number of entries inside the station over 6 months.
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Figure 34: Paris subway network mapped on the globe with number of travellers per station displayed
Figure 35 shows the detailed histogram when one station has been selected. The histogram displays the
detailed number of travellers entering the station, for each week and day overt a 6 month period.

Figure 35: Detail of number of travellers per week and per day, for one station

Figure 35Figure 36 shows different stations that have been selected, to allow easy comparison between the
stations.
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Figure 36: Station comparison when several stations are selected

2.6

NEXT STEPS

Next steps will consider:





Enriching the different models: data generation and prediction models
Developing prescriptive analytics based on prediction models and data generation models. The goal
is to integrate these algorithms in a decision support system (DSS) that will suggest optimization
strategies to the transport planner;
Enriching the different visualizations and performing comparisons between them with tests with final
users.
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3. PUBLIC TRANSPORT BUS SERVICES
This use case is focused on the bus ticket sales transactions of an interurban public bus operator in Madrid,
(Interbus). In the course of 2019, Indra managed to engage this operator who provided data and allowed to
use it specifically for project purposes. Interbus is one of the 42 public transport operators in Madrid. This
group includes urban, inter urban public bus operators, as well as subway, and train short-distance rail in
Madrid. Therefore, in this case study, the principal aim has been the business analytics on the bus ticket sales
provided by this operator. This data includes the bus ticket sales produced in all the bus lines that the
operator managed, from January to August of 2019 as well as the bus lines organization, bus stops and fares.
Moreover, the data contain information about the date and hour of the sale, the fare or title used by the
traveler, the station where the user got on the bus and in some cases the station where the user got off.
This chapter introduces the objectives of Use Case and details the different components developed and the
results achieved.

3.1

OBJECTIVES

With the data available, the main aim is to give an answer to the three of the Business Analytics questions
through the descriptive, predictive and prescriptive analytics.
1. Descriptive Analytics: It provides answer to the BA question: what happened in the past and why?
The following KPIs has been defined and calculated to provide insight about this question:
 Total bus ticket sales (yearly, daily and per minute)
 Sales segmentation by
o Location/Lines/Bus stops
o Day of the week/month
o Type of day (Working day, holydays, non-working days)
 Daily/weekly sales average patterns.
 Origen-Destination travel matrix
 Travel Impact matrix of weather (rain, temperature, pollution)
2. Predictive Analytics: It provides response to the BA question: What will happen if actual behaviour
continues? Regarding this, the following prediction outcomes has been defined based on the data
available and the potential business needs:
 Daily/hourly/monthly bus ticket sales prediction
 Origin-Destination passengers flow prediction
3. Prescriptive Analytics: It is focused on finding the best course of action in a given scenario
(descriptive and predictive results) and so it supports the decision making-process of the operator
in the sense that it respond to the BA question: What are the best actions that can be carried out?
Regarding this, the following topics has been identified:
 Optimal route bus planning for sales maximization
 Spatio-temporal pricing strategy
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3.2

DATA

Data provided by the inter-urban public bus operator Interbus corresponds with the sales transactions
produced from January to August of 2019. The data includes the sales of 31 bus line routes that connect the
north area of Madrid city centre with different townships in the north of Madrid. The total sales transactions
sums up to 14.12 Million sales along the period under study (235 days) which results in more than 60.078
daily transactions sales at average. Each sales transaction is composed by the attributes indicated in Table 4,
which shows the attribute name as well as its functional description. This source data has been obtained
from the operator as a database back up.
Table 4: Bus ticket sales transactions data attributes
Attribute name

Attribute Description

ID

Unique identifier of the sale transaction. There is one unique ID for each bus ticket sale produced

FARE_ID

Numeric value that identifies the fare associated with the sale transaction.

OPERATION_TYPE

String that identifies the type of sales transactions.

TRAVEL_DATE

Timestamp (format: DD/MM/YY hh/mm/ss) of the travel associated with the sale transaction

SALE_DATE

Timestamp (format: DD/MM/YY hh/mm/ss) of the sale transaction

CLEARANCE_DATE

Timestamp (format: DD/MM/YY hh/mm/ss) of the clearance payment associated with the bus ticket
transaction sale

TRAVEL_ID

Numeric code that identifies the travel associated to the transaction sale.

EXPEDITION

Numeric code that identifies the direction of the travel associated to the transaction sale. (odd means
that the travel goes from the origin to the destination and even code means that the travel goes from
the destination to the origin)

DRIVER_ID

Numeric code that identifies the driver of the bus responsible for the travel associated with the
transaction date

LINE_CODE

Numeric code that identifies the bus line to which the sale transaction belongs

ORIGIN

Numeric code that identifies the departure bus stop of the travel associated with the transaction sale

DESTINATION

Numeric code that identifies the arrival bus stop of the travel associated with the transaction sale

BUS_ID

Numeric code that identifies the vehicle that did the travel associated with the transactions sale

BUS_PLATE_NUMBER

Alphanumeric code that represents the official plate number of the vehicle associated with the
transaction sale

MACHINE_ID

Numeric code that identifies the ticketing machine that issue the bus ticket sales on board.

Regarding FARE_ID attribute, there are five types of fares according to the demographic distinction of the
end-users as shown in Table 5. Note that for each type of sales fare there are different codes. Regarding the
DRIVER_ID, 368 different bus drivers have been identified. Regarding LINE_CODE, there are more than 80
numeric codes that identify the bus routes operated by Interbus, therefore each bus route has multiple
LINE_CODE values. Regarding ORIGIN and DESTINATION there has been identified 864 departure bus stops
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codes and 686 arrival bus stops codes. Finally, there has been found that there are 183 vehicles and each one
has a device where the travellers can validate their transport cards.
Table 5: Fares table
Fare ID code

Fare ID Description

1, 6, 10, 14, 30, 99, 300, 401, 500

Ordinary

2, 3, 11, 12, 31, 32, 301, 302, 502, 503

Familiar

20, 21, 22, 24, 25, 26, 70, 71, 72, 77, 78, 79, 201, 211, 212, 501

Disabled person

4, 52, 315, 404

Round trip ticket

3.3

DESCRIPTIVE ANALYSIS

The Descriptive KPIs have been obtained using the Indra’s BA platform. First, the data source provided by
the operator was ingested into the Greenplum Data Base by means of the batch-mode ETL workflow
implemented in Talend Open Studio. Then, with the data storage in the Greenplum data base, the required
PostgresSQL queries were carryout to obtain the descriptive KPIs. These descriptive KPIs represent the
descriptive model of the Interbus’ bus tickets sales. The descriptive model is stored as new table within the
database to be represented graphically using Apache Superset Dashboards as it is showed in Figure 37. In
the first charts row of the dashboard, it can be seen the sales time series in monthly (left side), daily (centre)
and hourly (right side) basis. In the second charts row of the dashboard it can be seen the average sales
patterns for working days (left side) and for non-working days (right side). In the third charts row of the
dashboard it can be seen the segmentation of sales by line (left side) and fares (right side). Finally, in the
fourth charts row of the dashboard, it can be seen the descriptive origin-destination maps in terms of bus
tops (left side) and fare zone (right side). This dashboard represents the descriptive model of the bus ticket
sales and can be used by the operator to check how the bus users are using the service that the operator
offers and what are the times and locations with higher sales and higher demand.
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Figure 37: Descriptive Sales model in Apache Superset

3.4

PREDICTIVE ANALYSIS

This section presents the works and results related to predictive analysis using the data available.

3.4.1 PREDICTION OF BUS TICKET SALES
The predictive analytics consists in obtaining the prediction of daily/weekly bus ticket sales in the future,
given the behaviour defined by the descriptive model. Specifically, this case has consisted in predicting the
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bus ticket sales during the period of 2019 when the bus ticket sales data is unknown (not available), which
corresponds with the period that ranges from September to December of 2019. First approach to tackle
with the predictive analytics is time series analysis. In this regard, a regression-based predictive model that
combines the bus ticket sales descriptive model and an ARIMA model (Auto Regressive Integrated Moving
Average) has been developed to forecast the aggregated weekly/daily sales of the operator. The ARIMA
model was chosen since it is a combination of an autoregressive model and a moving average model which
means that the model forecasts a variable using its previous values as well as the past forecast error.
General equation of ARIMA model is indicated in expression (1) denoted with ARIMA(p,d,q), where p is the
degree of the Auto Regressive (AR) model component 𝑦𝑡𝐴𝑅 , expression (2); d is the differencing order of
the Integrated (I) component 𝑦𝑡𝐼 , expression (3); q is the Moving Average (MA) model component 𝑦𝑡𝑀𝐴 ,
expression (4); and 𝑦𝑡 is the time series to be forecasted. Note that 𝛽𝑖 , ∀𝑖 ∈ (1, 𝑝) are the autoregressive
components,𝛼𝑗 , ∀𝑗 ∈ (1, 𝑞), are the moving average parameters ,𝜀𝑗 , ∀𝑗 ∈ (1, 𝑞) are white noise error
terms. AR component results in a linear regression with the past values of the time series under
investigation, the order of the AR component (p) correspond to the number of days incorporated. MA
component uses the dependency between an observation and the residual error from a moving average
model applied to lag observations (d). I component uses the differencing to subtract the current value
from the d lagged value and it transforms the time series into a stationary one. The optimal value for (p,d,q)
is obtained by the Akaike Information Criteria (AIC) which consists in finding the combination of (p,d,q)
that maximizes the value of AIC provided in expression (5) where L is the likelihood of the sales data time
series and k is the intercept of the ARIMA model.
𝑦𝑡𝐴𝑅𝐼𝑀𝐴 = 𝑦𝑡𝐴𝑅 + 𝑦𝑡𝐼 + 𝑦𝑡𝑀𝐴

(1)

𝑦𝑡𝐴𝑅 = 𝛽1 𝑦𝑡−1 + 𝛽1 𝑦𝑡−2 + ⋯ + 𝛽𝑝 𝑦𝑡−𝑝

(2)

𝑦𝑡𝐼 = 𝑦𝑡 − 𝑦𝑡−1

(3)

𝑦𝑡𝑀𝐴 = 𝜀𝑡 + 𝛼1 𝜀𝑡−1 + ⋯ + 𝛼𝑞 𝜀𝑡−𝑞

(4)

𝐴𝐼𝐶 = −2 log(𝐿) + 2(𝑝 + 𝑑 + 𝑘)

(5)

The daily sales time series is a non-stationary process (mean value no constant over the year) due to the
seasonality exhibit in Easter time period in April (sharp sink) which produces a considerable drop of the
sales, and the arrival of the holydays summer season, in June, when the sales starts to decrease
progressively until August. Non-stationarity of the sales time series is addressed with the “integrated”
component 𝑦𝑡𝐼 of the ARIMA model with means that the time series is differentiated in order to achieve
stationarity. This is done in practice by replacing the original time series by the same time series but
differenced with a copy lagged one-time step. However, despite of applying this technique the predicted
sales transition in September is not as smooth as it could be expected also this predictive model can be
applied for a specific bus line or bus stop. Therefore, it is necessary to obtain the missing data related to
the last quarter of the year to train gain the ARIMA-based predictive model and then check the quality of
the predictions. Moreover, the prediction has been made in an aggregated fashion (all the bus lines) but
the model can be applied to every single bus line or bus stop. Further improvement of this predictive model
will include the creation of new features based on the descriptive model to allow the implementation of
more complex predictive models such as Random Forest or Neural Networks. ARIMA component of the
model correspond with ARIMA(7,1,7). Regarding the validation of the time series model trained, k-fold
cross validation methodology has beenused. This cosist of dividing the original data set in “K” parts (folds),
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defining one of them as validation (test) and the rest as train data. The model is fitted with the K-1 data
sets and evaluated with the validation data set, obtained a first score (in this case regression metric). That
represent the first iteration. In the second iteration the data set that was used as test is used now as train,
and one of the data set used for train before Is now used as validation data set. A new model is fitted with
this new training data sets and evaluated with the new validation data set obtaining a second score. The
process continue until K iterations are completed by permutation of the validation data set in all the data
sets. The process is illustrated in Figure 39.

Figure 38: ARIMA-based predictive model for daily bus ticket sales

Figure 39: K-fold cross validation explanation
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3.4.2 PREDICTION OF DESTINATION BUS STOP
From the descriptive analytics, there has been found that a considerable percentage of the sales transactions
have no destination bus stop, as shown in Figure 40, where it is indicated that around 85% of the transactions
sales do not have registered a destination bus stop. This is a complex problem within the multimodal
transport ecosystem. The solution of this problem has been well researched for a long time and still does not
exist a unique answer, since it would depend heavily on the context and the transport model.

Figure 40: Distribution of sales depending on if the destination bus stop if known

In view of this fact, it is not possible to build an origin-destination matrix that could map the travels done
by each passenger. To tackle this, a statistical approach is adopted to infer the destination of those sales
transaction (and so travels) based on the known destination. This approach relies on the hypothesis that
the 15 % of the transactions sales are statistically representative of the whole set of transactions sales.
This hypothesis will be validated when more data is available. The method followed to infer the destination
bus stop is described as follow.
First, the distribution of ticket sales among the known destination bus stops is obtained. This distribution
is illustrated in Figure 41 where the sales transactions are indicated in percentage of the total of
transactions sales with known destination. This means, for instance, that around 12% of the sales
transactions have as destination the bus stop with ID: 426 (which is “Intercambiador Plaza Castilla”, it is
showed the ID for convenience).
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Figure 41: Distribution of sales among the known destination bus stop
Second, the unknown sales are distributed around the shares obtained in the first step, this means that for
instance the 12 % of the sales with unknown destination sales will have the bus top with ID 41. Figure 42
shows that distribution. However, it is required to select those 12% from the total of sales unknown. To
distribute that 12% of sales is considered the time distribution of the sales and the distribution of the known
sales between the origin bus stops. In Figure 43 it is indicated the hourly distribution of the sales with
unknown destination bus stop. It can be seen, for instance, that at 7am it is produced around 8.5% of the
total sales. In Figure 44 it is showed the distribution of sales with unknown destination among the departure
bus stops. It can be seen, for instance, that around 16.5 % percent of the sales with unknown destination
have origin in the bus stop with ID 71. In general, for the each sales block which estimated departure is the
indicated in Figure 42, the hourly distribution is the indicated in Figure 43 and the spatial distribution
(departure) is the indicated in Figure 44. According to this, it is possible to make the following estimation: for
the 1.2 M of transactions sales estimated to have destination in bus stop with ID 426, the 8.5% of those sales
have to be choose from 07:00 am to 07:59 am. From that 8.5% of sales, the 16.5 % will have the departure
bus stop with ID 71. With this, is possible to infer the matrix origin-destination illustrated in Figure 45. This
method has to be refined since at this moment a large fraction of the sales exist without destination and so
the inference of the behaviour with this approach could fail in the future.
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Figure 42: Distribution of sale with unknown destination among the bus stops

Figure 43: Hourly distribution of the sales with unknown destination
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s

Figure 44: Distribution of sales with unknown destination among the departure bus stops

Figure 45: Matrix Origin-Destination Estimated

3.4.3 PREDICTION OF COVID IMPACTS
Given the actual situation about the pandemic originated by Covid-19, that has affected many aspects of the
normal life of travellers, an estimation of the Covid impact in the use case has been carried out. Since, the
ticket sales data available range from January to August 2019, a estimation of the sales data from September
to the current time is performed using the predictive model created. Then, the Covid impact is modelled as
a drop in ticket sales at the beginning of the lockdown in Spain (March, 14 2020). To model that drop, open
data published by the public urban buses company of Madrid (EMT) is used, as it is indicated in Figure 46.
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Figure 46: COVID impact in urban buses in Madrid

Considering the decrease in mobility as uniform across all the transport modes (urban, interurban buses,
subway, train, etc), the drop in the sales of the use case is showed below, and as it can be seen that the drop
falls to near 90% in the first stage and following that, a slow recovery is appreciated (Figure 47)

Figure 47: Estimation of the COVID impact in Indra use case

Extrapolations to the future will be carried out when the data of the use case corresponding to the period
September 2019 to September 2020 is received. With the actual predictive model and the estimation of ticket
sales for the “unknown” period, the following estimation is achieved, which do not reflect the second “wave”
of Covid cases in Spain (Figure 48)
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Figure 48: Estimation of hypothetical recovery of ticket tales based on summer tendency

3.5

PRESCRIPTIVE ANALYSIS

This section presents the works and results related to prescriptive analysis using the data available.

3.5.1 OPTIMAL BUS ROUTE PLANNING
Given the bus stops location and the actual bus routes organization, the objective of the prescriptive analytics
will be to find if there is an alternative bus route organization that maximizes the bus ticket sales. By
modifying the actual bus lines route, potential new bus users could access to the transport service offered
by this operator and so the bus sales can be increased. The complexity of the problem is considerable since
there are 101 bus line routes that cover 2228 bus stops.
Two approaches have been explored: maximization of sales and minimization and travel time
3.5.1.1 Maximization of sales
The objective is to find the bus line routes configuration that maximises the bus ticket sales. Every bus line is
composed by a departure bus stop (origin) and an arrival bus stop (destination). The intermediate bus stops
have to be found in such a way that the total sales transactions associated to the bus route line is greater
than the original bus route line organization. To do this, sales transaction per bus stop are calculated based
on the origin attribute of the sales transitions. But not all the transactions sales associated to each bus stop
are considered, since only has to be considered the transactions that have the same destination of the bus
route line or intermediate destination that belong to the set of bus stops candidates. The set of candidate
bus stops is formed based on a restriction about the Euclidean distance from both the origin bus top and the
destination bus top of the bus line route under optimization (the optimization is repeated for every bus line
route) to each bus stop. Moreover, the number of bus stops candidates is limited by the actual average
number of bus stops that compose the actual bus route line configuration. With this , it avoids the possibility
of including the bus stops with more ticket sales no matter how far bus stops are from the origin/destination
bus stop of the bus route line under optimisation. Additionally, to connect two consecutive bus stops there
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has to exist a physical route path. Finally, the resulting bus route line has to be shorter than the maximum
length of the actual route line configuration (to keep the optimization realistic and feasible).
Figure 49 shows the modelling of the optimization process associated to each bus line route. It can be seen
that existing bus line route is defined by the departure bus stop and the arrival bus stop denoted with 𝑏𝑠𝑖
and 𝑏𝑠𝑗 .In dashed line it is indicated the original route bus line meanwhile in continuous line it is indicated
the new optimal bus route line. As it can be seen this new bus line includes new bus stops that are within the
scope of candidate bus stops solutions as well as can include bus stops already included in the original bus
route line. The scope of candidate bus stops is obtained as follows. First, a line is traced connecting the origin
and destination bus stops associated to the bus line route “𝐿” under optimization. Second, with centre in
each one of the origin and destination bus stop coordinates, a semi-circumference is traced with a radius of
magnitude 𝑅𝑠𝑐𝑜𝑝𝑒 , which value is calculated as the maximum average distance of the bus stop belonging to
the any of the bus route lines that share the origin/destination bus stop. The bisector of the semicircumference has to be perpendicular to the straight line that connects the origin and destination bus stops,
since the intermediate bus stops of the new bus route line has to be placed between the extreme bus stops
(origin and destination). Therefore, with this is obtained the set of candidate bus stops denoted with Ω𝑏𝑠 =
{𝑏𝑠1 , … , 𝑏𝑠𝑛 } where 𝑛 is the number of candidate bus stops. Then, for every candidate bus stop 𝑏𝑠𝑘 ∈ Ω𝑏𝑠
it is calculated the associated bus ticket sales, as the aggregation of all the transaction sales that have as
origin, the bus stop 𝑏𝑠𝑘 and as destination the destination of the bus route line under optimization 𝑏𝑠𝑗 . Note
that from all those sales transaction a considerable percentage has an unknown destination bus stop.
Therefore, from those sales transactions, a destination estimation is carried out based on the actual
probability distribution of destination bus stops. By this, it is considered only the passengers that take on the
bus in the bus stop 𝑏𝑠𝑘 with intention to take off in bus stop 𝑏𝑠𝑗 . Moreover, the number of bus stops that
compose the new bus route line is also limited to keep it realistic to the maximum number of bus stops that
can be found in all the actual bus route lines. Additional constraints are related to the physical path roads
that connects bus stop 𝑏𝑠𝑘 with bus stop 𝑏𝑠𝑘′ . Two bus stops can be connected from multiple links. To keep
it realistic, each one of those links 𝑙𝑘,𝑘 ′ are weighted with a factor 𝑊𝑘,𝑘 ′ ∈ (0,1), which represents the
general traffic level (state of the road, type of road, and so on). If this weight is close to the unit, the general
traffic level is well conditioned to be candidate for the bus route path, if it is close to 0 then the path is bad
conditioned. In Figure 50 it is showed an example of bus route line under optimization and the candidate bus
stops.
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Figure 49: Bus line route optimization modelling
The optimal function 𝑓𝑖 of the optimization problem is defined in expression (6a) where 𝑐𝑖 is a binary
variable which takes value 1 when the candidate bus stop 𝑏𝑠𝑖 is considered and value 0 if not; and 𝑠𝑖 is
the total sales transactions produced in the candidate bus stop 𝑏𝑠𝑖 that have the origin and destination of
the line under optimization 𝐿𝑖 . Note that the optimization is carried out independently for each bus route
line within the set of bus route lines that manage the operatorℒ. The optimal function is subject to the
constraints 𝑔𝑖 , ℎ𝑖 , 𝑟𝑖 , indicated in expression (6b), which represents the restriction to the total number of
bus stops, the restriction in length of the bus route line and the physical layout of the urban road,
respectively. This constrains are still under development.
𝑛

maximize𝐿𝑖 {𝑓𝑖 = ∑ 𝑐𝑖 𝑠𝑖 } ; 𝑐𝑖 ∈ (0,1) ; ∀𝐿𝑖 ∈ ℒ
𝑖=1

subject to 𝑔𝑖 = ( ); ℎ𝑖 = ( ); 𝑟𝑖 = ( )
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Figure 50: Illustration of a line under optimization
5.5.1.2 Minimization of time travel
As difference from the optimization explained above, where the bus line routes are predefined by the
operator with a fixed origin bus stop and a destination bus stop, in this optimization new bus route lines are
discovered based on the customised variable travel intensity. This variable is defined as the sales transactions
in a given bus stop in relation with the total. This variable will provide a general sense of the movement of
passengers. With this variable the objective is to find bus line route that connect the origin of travel of those
passengers with their desired destination. At the moment, this formulation is still on development.

3.5.2 SPATIO-TEMPORAL PRICING STRATEGY
Given the actual fares establish by the operator, the objective is to find out how the establishment of variable
fares depending on the time of the day and the bus stop could lead to a maximization of the ticket sales. This
is motivated by the fact that if variable pricing for the fares is established, a fraction of the current bus users
will tend to move their transactions to the cheaper time period or even they will move to cheaper bus stops
(incentivizing the physical activity). At the moment, this formulation is still on development.

CONNECTIVE – GA 777522

Page 58 of 81

3.6

NEXT STEPS

Next steps in these topics will include:






Enrich predictive analysis with the creation of new sales feature by combination of the actual sales
data with demographic data, pollution data and weather data (rain and temperature)
With these new features, implement different machine learning algorithms such us Random Forest
or Gradient boosting on decision trees to improve the prediction results, as well as deep learning
algorithms such us neural networks.
Obtain firm results from the prescriptive analytics business problem defined.
Obtain more ticket sales data from the Operator Interbus (the rest of 2019 and 2020)

CONNECTIVE – GA 777522

Page 59 of 81

4. MAINTENANCE ACTIVITIES/ASSETS DEGRADATION IMPACTS MITIGATION
USE CASE
This chapter introduces the objectives of the “MAINTENANCE ACTIVITIES/ASSETS DEGRADATION IMPACTS
MITIGATION USE CASE” Use Case and details the different components developed and the results achieved.

4.1

OBJECTIVES

The Objectives of this UC is to develop algorithms able to minimize the impacts 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.
The context of this activity is to analyse the railway network and the nearby public transport services, in order
to be able to manage the users' request of transport services, in an optimal and integrated way.
In particular, the concept of integration between the various modes of transport is necessary to guarantee a
seamless transport service in case of unexpected failures or predictive maintenance activities.
Since the rail network is characterized by limited paths alternatives, the possibility of considering a
multimodal network, for planning alternative service, is fundamental.
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, and the
availability of other transport modes that can integrate the rail service. The application can also provide
support in case of unexpected failures that imply unexpected service disruption, suggesting the best
mitigation actions and the alternative trip plan for passengers.
The algorithm described in this deliverable is able to minimize the impact of track circuits’ predictive
maintenance interventions, 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 scenarios considered in case of rail service disruption can be described through various KPIs.
Among the main ones, we can list:








Completion time of maintenance activity
Network availability
Cost of alternative services
Unsatisfied demand
Capacity of alternative service
Travel time
Total walking distance
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These Key Performance Indicators are useful to find the best solution from the point of view of the rail service
operator and the users. The weight of each single KPI can be set individually based on the manager’s
preferences.
The algorithm must take into consideration the flows of passengers present in the transport network and
evaluate, in terms of costs and benefits for the operator and users, which may be the best choice to
mitigate the impact due to the unavailability of the service between:




Admitting unsatisfied demand
Using the existing public transport
Creating ad-hoc service

4.1.1 Admitting unsatisfied demand
From the point of view of the service operators, it means to consider that the user will not use their services
due to inconvenience, but he will, for example, take the private vehicle. This fact implies a loss for the
operator in terms of gain and service quality, which will be balanced in relation to the necessary costs to
activate additional services.

4.1.2 Using existing public transport
This type of scenario is very constrained by the barriers that exist between the various operators of public
transport systems. The case in question could be of great interest if we consider the possibility of having, for
example, the same operator for the subway and buses. In this case, the integration between the two modes
and the possibility to modify a service (increasing passage frequency or capacity) can be a convenient
solution.
Creating ad-hoc service
This choice consists in creating an optimal route in order to minimize the costs for the operator and to
guarantee the continuity of the service to users with minimum discomfort in terms of travel time.

4.2

INPUT DATA STRUCTURE

4.2.1 Maintenance intervention.
The structure of the considered maintenance intervention data is the following:






ID: progressive number that univocal identifies the maintenance intervention.
Priority: degradation factor, representing the status of the asset.
Deadline: deadline within which the maintenance has to be carried out.
Section: section of the line to be maintained.
Duration: time required to carry out the maintenance work.

4.2.2 Network
A graph is defined according to the structure of the network, identifying the nodes and links to be considered.
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The considered data structure is the following:
 Node:






ID: progressive number that univocally identifies each node.
Incoming demand: users’ service demand in a specific node.
Outgoing demand: users’ service demand that leaves the network in a specific node.
Coordinate: geographical location of each node (longitude, latitude)
Type: type of considered node. This factor is related to the transport mode.








ID: progressive number that univocally identifies each link.
Origin: initial node of the link.
Destination: final node of the link.
Distance: length of the link.
Travel time: time to travel between the origin and destination of each link.
Capacity: capacity of each link related to the transport mode defined by the attribute
“type”
Type: type of link that corresponds to the transport mode that uses that link.

 Link:



4.3

INVOLVED ACTORS

Railway infrastructure maintenance works need the possession of the infrastructure. The term possession of
the infrastructure indicates the use of the infrastructure to carry out maintenance operations.
Since rail lines are intensively used during the day, taking out working zones of these lines in the daytime
would cause severe disruptions for the railway traffic.
Travellers can be informed days/weeks beforehand if maintenance actions are planned, they can get
acquainted with traveling suggestions (e.g. travel via another route, use slow trains instead of intercity
trains), alternative traveling possibilities (e.g. travel by special buses) and extra traveling time (e.g. extra 30
minutes).
Maintenance productivity is directly related to the available time-windows of train services. Since the
available time-windows for maintenance are limited, due to the experienced increment in rail transport
demand, a tool, to combine the objectives pursued by both train service provider and maintenance operator,
would be needed to support decision-making.
The involved actors in this use case are:




the infrastructure manager/maintenance provider, which is in charge of planning maintenance
interventions in order to guarantee infrastructure reliability;
the rail service provider, whose goal is to guarantee a high level of service for passengers;
other transport modes’ service providers, which can accept some modifications to their service if
this can lead to some benefits, for example in terms of number of passengers, but have to deal with
limited resources.

These actors, that nowadays make decisions in an independent and isolated way, will be called to cooperate
in order to provide a door-to-door multimodal service. The negotiation process is quite complex, and the
algorithms have to consider it in order to provide solutions applicable in real world scenarios.
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4.4

ALGORITHM DESCRIPTION

The aim of the algorithm is to evaluate the optimal allocation of maintenance interventions to maintenance
windows and define the best action for mitigating service disruptions.
The proposed solution is based on a multi-stage cooperative framework with feedbacks. The feedbacks
represent the negotiation between the different involved actors and are aimed at finding the best
compromise between different targets and KPIs.
The overall problem can be seen as the union of three different sub problems, which are usually separately
addressed:





The First Problem consists of the allocation of maintenance windows and represents the negotiation
between the infrastructure manager/maintenance provider and the rail service provider;
The Second Problem consists of the definition of the mitigation strategy. In this stage, the rail service
provider establishes if an alternative service is needed and decides if organizing the additional
temporary service by himself or involving another service provider.
The Third Problem consists of the service design and represents the negotiation between two
different service providers subject to limited resources.

It is assumed that the considered maintenance interventions require a significant time to be executed and
therefore imply the interruption of the service. Hence, there is an impact on train circulation and passengers
transport demand that must be taken into account.
The considered maintenance interventions cannot be executed during train-free periods but imply the partial
or complete interruption of a rail section for a significant time period (several hours).
With the term ‘maintenance intervention’, a group of maintenance activities, to be executed on the same
rail link, is considered.
The model deals with the preliminary tactical planning of maintenance. The detailed schedule of
maintenance activities within each time interval and the allocation to the available resources, (i.e.
maintenance teams) are outside the scope of this Use Case.
The variation of transport demand is considered taking into account the seasonal variation and the daily
peaks of passengers’ flow. The Decisional Support System (DSS) provides different solutions according to the
different period in which the alternative service must be planned.
In the sequent paragraph, the three mentioned sub problems (Figure 51), concerning maintenance windows
allocation, mitigation strategies definition and service design are presented.
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Figure 51: Decision Support System – Algorithm framework

4.4.1 PROBLEM 1: MAINTENANCE WINDOWS ALLOCATION
In the first problem, given a set of rail links needing maintenance, the optimal allocation of the interventions
to time intervals is evaluated considering passengers transport demand and the operational constraints due
to network topology and traffic management rules.
The first sub problem’s specific assumptions are:









The considered disruptions are ‘planned’ maintenance interventions decided in advance. The
available time is enough to state and solve the decisional problems related to the maintenance
windows allocation and the mitigation strategy definition.
Each ‘maintenance intervention’ consists of a group of maintenance activities to be executed on the
same rail link.
The durations of the maintenance interventions are known and can be different from one
intervention to the other. The duration of maintenance intervention is high and do not allow the
execution of maintenance during trains-free intervals.
Each maintenance intervention cannot be interrupted (preemption is not allowed).
A discretisation of the time horizon in time intervals is considered.
A ‘maintenance window’ is given by a set of time intervals whose total duration is equal to the
duration of the intervention.

The goal is defining the optimal allocation of maintenance interventions to time intervals, identifying the
maintenance windows and the order in which the links need maintenance. Moreover, the model evaluates
if some links can be interrupted in the same time interval, taking into account the operational service
constraints.
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Therefore, this stage consists in a preliminary planning of groups of maintenance interventions that are
related to the same link, determining the time windows of maintenance execution.
Each time interval is characterized by a given transport demand a higher penalty is paid if a time interval with
high transport demand is allocated to maintenance.
Moreover, the constraints allow to consider situations in which adjacent segments must be closed at the
same time, avoiding the simultaneous interruption of too many links or of links located in different part of
the network.
Problem 1: Formal description
The objective function of the Maintenance windows allocation problem consists of the following terms:



Priority of the intervention and the completion time of the maintenance activity.
Coefficient of utilization of the network. In this way, it is possible to take into account the priority
assigned to the various interventions and it is possible to choose the time interval of execution by
minimizing the involved users.

The main constraints of the problem are:




All maintenance operations must be carried out within the established deadline.
Only a maximum number of maintenance interventions can be executed in the same time interval.
All the maintenance interventions must have an initial time interval in the considered time horizon
(must be executed) or each link needing maintenance must be interrupted.
Problem 2: Performance

The problem of Maintenance windows allocation was tested through different scenarios in order to establish
whether the best plan of maintenance interventions is evaluated, balancing the involved users and the costs
for service providers and maintenance operators.
The different scenarios are generated by varying the number of interventions to be planned, the considered
time-horizon and the transport demand.
The main considered scenarios were:





Number of interventions that saturates the entire planning interval (in this way it was possible to test
whether the deadline and priority parameters operated correctly)
Reasonable number of interventions (it made possible to verify that interventions were planned
during periods of minimum passenger flows)
Variable planning horizon, tests were performed on an annual, monthly and weekly basis to verify
the system response
Variability of demand, tests were carried out with constant demand coefficients over the entire
planning interval or variable both at a seasonal and daily level

In general, the performance in term of resolution time is good and is around 5-8 seconds depending on the
size of the planning horizon.
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4.4.2 PROBLEM 2: MITIGATION STRATEGY DEFINITION
In the second problem, the optimal mitigation strategy is evaluated for each maintenance window,
considering the passenger transport demand (o/d matrix), the availability of existing alternative services, the
service provider cost for activating a new service. The reachability and connection between origin and
destination is guaranteed by means of existing alternative services or ad-hoc solution.
A balance between the cost for the service providers and the unmet transport demand is considered in
deciding if the activation of a new service is needed. Moreover, the mean passengers delay (travel time) and
covered distance are taken into account. It is assumed that a low unmet demand can be considered
acceptable, if the cost for activating a new service is too high. The thresholds of the acceptable unmet
demand and activation cost are set by the service provider.
The second sub problem’s specific assumptions are:







interrupted links and the time intervals of interruption are provided by the first problem;
paths and timetables of existing services are known;
cost for the service provider in case of new services’ activation is given;
o/d matrix of passengers’ flow is known;
network is uncongested. The congestion phenomenon can be neglected since the public services are
characterized by dedicated infrastructure or lanes;
users’ path choice is neglected since each user is assumed to be informed in advance regarding the
best path.
Problem 1: Formal description

The objective function of the Line design problem is composed of the following terms:




Cost of each route and number of people involved.
Capacity of each path. In case a link is interrupted for maintenance the capacity will be set to zero
Variable that takes into account the activation of alternative services.

The objective function allows to distribute the flow of passengers between the paths with minimum cost
considering that the users are perfectly informed of the best path to take. If it is necessary, the active
algorithm suggest the activation of alternative services in order to minimize the objective function described
above.
The main constraints of the problem are:




Constraints for the distribution of passenger flows in the public transport network
Capacity constraints of transport services
Maximum number of alternative services that can be activated
Problem 2: Performance

The problem of Mitigation strategy definition has been tested, verifying the following aspects:


Passengers flow conservation, all the incoming demand must correspond to the one that the
algorithm distributes in the network plus the eventual unsatisfied demand.
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Interruption of various links for maintenance in accordance with the planning obtained by problem
1.
Several tests were performed by varying the coefficients assigned to each KPIs of the objective
function in order to take into account the different needs of the service provider.

From the point of view of computational time, the second problem is the most problematic and subject to
variability based on the size of the considered transport network. For the moment, for a network of
reasonable size, this time is about few minutes.

4.4.3 PROBLEM 3: SERVICE DESIGN
In the third problem, the bus service is designed defining which rail stations must be connected by the adhoc service, how many lines are activated, and which links belong to each line. Moreover, the necessary
hourly capacity of each line is defined.
The specific assumption of the third problem are:



Decision of service activation and the activated links are given by the second problem.
Resources availability is given by the service provider.

It is worth saying that the detailed synchronization of the existing services or the planning of the alternative
ones are out of the scope of the Use Case.
Problem 3: Formal description
The objective function of the Service design problem is composed of the following terms:




Capacity of the alternative service
Required capacity on a given path
Variable that discretizes which capacity belongs to a given service

The objective function allows to assign one or more alternative services in order to satisfy a specific request
for public transport and guarantees the definition of the lines in order to minimize costs for the operator.
The main constraints of the problem are:




The path covered by each line: note that the origin and the destination are optimally chosen by the
model.
The sum of the capacity provided by the services activated in each link is equal to the theoretical
capacity required in the link.
If the link does not belong to the service 𝑠, the capacity activated in that link for that service must be
null.
Problem 3: Performance

The problem of Service design was tested on the basis of the different results obtained from problem 2. In
particular, it was necessary to verify that problem 3 created possible alternative service lines, minimizing
costs for the operator.
The solution times for this problem are excellent and are of the order of a second.
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4.5

RESULTS

In this chapter the results of the tests are presented. A visual interface for the operator has not yet been
developed, so the graphic details and data are shown through extrapolations from the algorithm testing
phase.
As already mentioned above, the algorithm has been tested several times with multiple settings and with
different input data. The proposed result was chosen at a demonstrative level in order to express the
potential of the developed tool.
The first part of the description defines the considered input transport demand and the planning time
window. Subsequently in the Gantt chart the solution of the first problem is proposed (Figure 8).
The final output is shown in tabular form and for the most significant examples, the graph solution with the
activation of various alternative services is depicted, according to the interruptions due to maintenance
interventions.
The main results of the model are:



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

In this section, the results of a significant scenario are reported. In particular, the transport demand daily
variation and a transport demand peak, forecasted for the 14th time interval, due to a particular event
planned, are considered. The transport demand trend over time is depicted in Figure 52.

Transport demand

DEMAND VARIATION

1

2

3

4

5

6

7

8

9 10 11 12 13 14 15 16 17 18 19 20
Time (Days)

Figure 52 Transport demand over time - Scenario 2

Regarding the daily variation, three o/d matrices are considered and are assumed to be known: the morning
peak, the evening peak and the off-peak transport demand.
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In Table 6 and Table 7, the result of Problem 1 is reported according to the initial and the final solution found
by the algorithm.
A time horizon of 20 days is considered for the plan of the maintenance interventions.
In the initial solution, there is no link interruption during time intervals 6-10, 12, 14 and 20. A simultaneous
interruption is planned in time interval 3, since, in the same time interval, different links may be interrupted
if they are adjacent. In particular, link 3 and 4 are maintained at the same time.
Each intervention is always performed before the relevant deadline, since this is guaranteed by the Problem
1 constraints, while the priority order may change according to the balance of the objective function costs.
The results show that the links 3 and 4 are executed in the same interval even if their priority is different. In
the final solution, the Gantt is updated taking into account the unmet demand and the activation costs
provided by Problem 2.
Table 6. Possession plan - First solution – Scenario 2
Time interval
Link\Interval 1

2

3

4

5

6

7

8

9

10 11 12 13 14 15 16 17 18 19 20

1
2
3
4
5
6
7
8
9
10
11
12
13
14
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Table 7. Possession plan -First solution – Scenario 2
Time interval
Link\Interval

1

2

3

4

5

6

7

8

9

10 11 12 13 14 15 16 17 18 19 20

1
2
3
4
5
6
7
8
9
10
11
12
13
14

Table 7 shows that, in the final solution, there is no link interruption during time intervals from 5 to 10, 14
and 20. In particular, for interval 14, this is due to the expected peak of demand. Links 1 and 2 are
simultaneously maintained at time interval 17.
In Table 8, for the interruptions of links 3 in time interval 1; link 7 in time intervals 3 and 4; link 4 in time
intervals 15 and 16, the results show that no alternative links are activated.
During time interval 14, the activation of additional links is suggested in order to satisfy the high transport
demand expected towards the city centre.
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During time interval 2, the additional service is activated only during the morning peak, whereas in the time
intervals 11, 17, 18 and 19 the additional service is activated only during the evening peak.

Table 8. Alternative service – Morning peak – Evening peak
Time
interval

Interrupted link

Morning peak

Evening peak
Capacity

Re-designed links

Capacity
Re-designed links

(Passengers/hour)

(Passengers/hour)

1

2 (E → G)

-

-

-

-

2

3 (G → H)

E↔L

500

-

-

3-4

4 (H → L)

-

-

-

-

5-6-7-8-9-10

-

-

-

-

-

11

5 (L → N)

-

-

N↔L
N↔R

12-13

6 (Q → N)

14

-

N↔L
N↔Q
R↔N
R↔N
N↔L
Q↔G

1000
1000
800
900
900
700

N↔L
N↔Q
R↔N
R↔N
N↔L
Q↔G

700
700
700
700
1000
900
900
700

15-16

2 (G → E)

-

-

17

1 (A → E and E → A)

A↔E

1000

A↔E

500

18

1 (E → A)

-

-

A↔E

600

19

7 (Q → R)

-

-

R↔N

1000

20

-

-

-

-

-

-

-

Figure 53 shows the interruption of link 3 (G → H) in time interval 2 and the alternative service activated
between E ↔ L with capacity of 500 passengers/hour. The alternative service in this case is activated only
during the morning peak demand.
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Figure 53 Additional service - Time interval 2 - Interrupted link 3 (G → H) - Morning peak demand

Figure 54 shows that, during the interruption of time interval 11, for the evening peak demand, the
alternative service N ↔ L ↔ R with capacity of 700 passengers/hour is activated. The disruption, in this time
interval, involves the link 5 (L → N) and for the morning peak demand no service is activated.
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Figure 54 Additional service - Time interval 11 - Interrupted link 5 (L → N) - Evening peak demand
Figure 55 shows that during the interruption of link 6 (Q → N), in time intervals 12 and 13, two different lines
are activated: R ↔ N (green line) and L ↔ N ↔ Q (purple line). The required capacity of the two lines is
different: 800 and 1000 passengers/hour respectively, for the morning peak demand; 1000 and 700
passengers/hour respectively, for the evening peak demand.
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Figure 55 Additional service - Time interval 12-13 - Interrupted link 6 (Q → N) - Morning and Evening peak
demand
In Figure 56, the alternative services, activated during time interval 14, are depicted. As mentioned, these
services are needed, even if no interruption is planned in the time interval, in order to meet the high transport
demand due to the planned special event. The result shows that two lines are activated: Q ↔ G (purple line)
and R ↔ N ↔ L (green line). The related capacity is 700 and 900 passengers/hour, respectively.

CONNECTIVE – GA 777522

Page 74 of 81

Figure 56 Additional service - Time interval 14 - Event peak demand
Figure 57 shows the interruption of link 1 (A → E and E → A) in both the directions and the result indicates
that, only for the morning peak demand, an alternative service is suggested. It is the bus bridging service
between the two nodes.
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Figure 57 Additional service - Time interval 17 - Interrupted link 1 (A → E and E → A) - Morning peak demand
Figure 58 shows that only one additional service (R ↔ N purple line), with capacity 1000 passengers/hour,
is activated, in the case of link 7 (Q → R) disruption, during time interval 19 for the evening peak demand.
For the morning peak demand no service is suggested.
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Figure 58 Additional service - Time interval 19 - Interrupted link 7 (Q → R) - Evening peak demand
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4.6

CONCLUSION SO FAR

The present Use Case describes an algorithm able to support the negotiation process for booking
maintenance possession windows and planning ad-hoc alternative services in rail sector.
The results show the effectiveness of the approach and the advantages derived from a cooperative
framework. This benefit is shown in Table 9 . It is possible to observe a considerable reduction of alternative
services’ activation cost guaranteeing at the same time a small increase of the unmet demand.
Table 9. Variation parameter between first and best solution
Objective

Variation

Alternative service activation cost

-20%

Pedestrian cost

+5%

Metro link flow

-2%

Bus link flow

+10%

Train link flow

-1 %

Unsatisfied demand cost

+8 %

The system is proven to be a suitable tool also for dealing with demand seasonal fluctuations and forecasted
high peaks due to particular events.
The unsatisfied demand and the alternative services’ activation cost are the objective function terms whose
parameters’ variations mostly affect the problem results. This implies that these parameters need to be
carefully evaluated in the calibration phase of the DSS model. This information is important in order to
concentrate the available effort and resources in a precise estimation of a limited number of parameters.
The main achieved advantages are the costs reduction for rail service providers, the reduction of
maintenance impact on infrastructure availability, and the mitigation of the impact of planned service
disruptions on users’ travel experience, through the integrated and collaborative planning of substitutive
services.
Further developments of the presented work will consider the application of the algorithms to a larger
transportation network. The idea is to compare the results also with the cooperation between the different
public transport managers. Validation and accuracy of the model in the larger transport network must be
carried out.
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5. CONCLUSION
This deliverable reflects the progress of works accomplished by the partners in relation to data management,
analytics and visualization. The works are illustrated with three use cases that have been proposed, in
relation to “Smart” Operational control centres (Thales), Public Transport bus services (INDRA) and
Maintenance activities/assets degradation impacts mitigation (Hitachi Rail STS).
For the scope of the AREL, Thales and INDRA use cases focus works on Descriptive and Predictive Analytics
and develop a large set of algorithms to predict the transport demand. The two use cases also started works
on Prescriptive Analytics works:
 Optimization of timetables which combine predictive models of the transport demand and passenger
flow simulator with data generation techniques (Thales use case);
 Optimization of bus route planning (INDRA use case).
Hitachi Rail STS use case focuses works on Prescriptive Analytics with the goal of minimizing the impacts on
railway attractiveness due to maintenance interventions.
Different visualizations have been developed based on the different use cases. These visualizations will
continue to be enriched for the FREL and will be tested with operators.
Regarding the data, it has also been shown that, for the demand analyses (based on spatio-temporal data
like ticketing data or mobile phone data), working with anonymised data is a good compromise between the
raw data (with risks due to GDPR rules) and open data which are highly aggregated.

Table 10: List of answers to review comments
No.

Reviewers questions

Consortium answers

1

For the smart operational control centres use case it
would be helpful if an annex is attached in the
deliverable that includes some samples of the crowd
generated datasets and provide in the core section of
the deliverable relevant results.

Explanations has been added in section
2.3.2

2

For the same use case, in the predictive models
various valid approaches with different data models
and analytics techniques (ARIMA, GBR, RNN, LSTM,
etc) have been used. Why not exploiting also the case
of CNNs (since there might be patterns in the dataset
in
different
dataset
“spaces”)?

For deep learning, the focus has been
done on RNN as the data is temporal data.
Moreover, in section 2.4.3, the RNN
allows to add easily some context
information directly into the model.
Maybe it could be possible to do it also
with CNN but the team has a better
expertise on RNN.
CNN has only been used in data
generation (section 2.3.2) as virtual
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sensing could be seen as closed to image
analysis content.
3

For the same use case, the hyper-parameters will
affect the overall performance and outcomes. Please
provide information on the parameters used.

For the hyperparameters, we don’t use a
grid search. We roughly estimate them as
the models have to be enriched and
refined.
For example, in section 2.4.3, the
hyperparameters concern the size of the
embeddings to model the contextual
information. The size has been chosen in
an empirical way.

4

For the same use case, and to improve the analytics
results, please consider: (i) additional data against
overfitting, (ii) multiple passes over the dataset
during training, and (iii) early stopping.

Results presented in the deliverable will
be continued and refined for the FREL.
The indicated ideas by the reviewers will
be taken into account.

5

For the same use case, please provide information on
the utilized framework / libraries. Why not also
experimenting with Tensorflow v2.0 – that is also
distributed and could be a potential good choice
especially for the utilization of GPUs in LSTM.

The project has started with the use of
Tensorflow v1 and yes we continued to
use it. We didn’t replace the work with
Tensorflow v2

6

For the same use case, in terms of visualizations,
initial dashboards with relevant information have
been compiled. It should be clarified if these are
adaptive in terms of data sources

The dasbhoards are done with Kibana.
Users can easily adapt, enrich and create
new dashboards based on the
information stored in the elasticsearch
index linked to dashboard.

7

For the public transport bus services use case, the
predictive analytics, work is ongoing and further
results are expected based on the availability of
(additional) data.

Respect to the predictive analytics,
advances has been achieved based on the
Covid impact in urban Buses in Madrid. Is
expected that when new data of the use
case, the estimations provided will be
validated (section 3.4.2)

8

For the same use case, in terms of prescriptive
analytics, currently the problem formulation has
been provided but experimentation outcomes are
expected.

Numerical results from prescriptive
analytics will be obtained as soon as new
data of the use case is received (and so
the predictive analytics is concluded)

9

For the maintenance activities/assets degradation
impacts mitigation use case, the different problems
addressing the use case have been identified and
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described. A formal description is required as well as
the execution details
10

For the same use case, while results are presented, it
is not clear which actual predictions are compiled by
the proposed solution. Moreover, evaluation and
validation results are missing

11

For all use cases, the validation approach (e.g. k-fold)
needs to be described

Validation approach is explained in
section 3.4.1. for the Indra Use case

12

For all use cases, especially for the visualizations the
feedback from the end-users would be of addedvalue. Actual evaluation from the stakeholders is
needed.

Yes for visualization, it is planned to imply
Thales Human Factor team (UX/UI
designer) to compare the different
visualizations
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