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Mobility Scenario

Rationale

Improve user experience of passengers with
special needs and their caregivers

Objective

Analyze user’s context and react to changing
conditions

Approach

Monitor data from 3600 sensors
Historical and real-time data analysis

Challenge
ic Traffic Congestion Prediction:
chine Learning
x Event Processing
¢ Cloud-Storage_

Dyna
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Situational Awareness
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Situational Awareness
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L2 - Analytics

- Historical data Machine Learning
- Efficient data access
- Real-Time CEP

L3 - Projection
- Evolution of current situation

5/15



Information Lifecycle
Management
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Information Lifecycle
Management

Ingestion - Collect historical time series data
= Collect data from devices
= Aggregate into objects with metadata
® |ndex the metadata




Information Lifecycle
Management

Analytics - Learn patterns in data

= Based on history 2
= Access historical data efficiently SparK™ saL
e (: Generate thresholds, classifiers etc.




Information Lifecycle

Management

Real-Time Response

» Apply derived knowledge to
real time data stream

" Take actions
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Adaptive Moving Window Regression (AMWR)

Average Traffic Speed (km/h)

120

100}
80 |
60 |
a0t

20

-20
0

Support multiple Regression methods

- SVR, ANN, Linear Regression

Automatically finds optimized training
window size during training phase

- Traffic speed = 20 readings
- Traffic Intensity = 30 readings

Traffic Speed

— AMWR using SVR
e* s Actual data

Training Window = 20 readings
MAPE = 10.59 %
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Model Training and Deployment

Evaluate the Error and retrain the model as
new data arrive
- If error > 20% -2 reduce prediction window
- If error < 5 % -2 increase prediction window
- Range = 2-4 samples

350 Traffic Iptensity

—  AMWR using SVR
e e e Actual data

Training Window = 30 readings
300} MAPE = 15.82 %
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K-Means Clustering

Morning Traffic on Weekdays as< Spfark MLlib k-means
clustering to separate data

into 2 clusters

®= Find the midpoint between
the 2 cluster centres

= Use this midpoint to
generate the thresholds
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= Re-run algorithm when
quality of clusters decreases

200 400 600 800 1000 ol * Use silhouette index to
Average Traffic Density (veh/h) d
measure quality

S \.\

11 /15



@ RB @ Map B Catalog More ~ ®»

© Map

Map grey ReaCt|Ve BOX WEbpa nel

) Terrain

[F]ROUTESMAD. alarms [ trafﬁc a | erts

D.bustrack

| ROUTESMAD usrtrack u am be ra | arms

D.chkpoint

Madrid 1 [ = feedback from traffic managers
: : http://rbmobility.emt.es:3333

Nueva Ruta Ver/Eliminar Ruta Monitorizacion

Usuario asistido: jmendez

reactive.box 0.7. Mobilitylabs Madrid

Nombre de la ruta: Ruta SanDiego-Pavones

Wer informacidn detallada de la ruta...

Caregiver Portal |
= Route planner I+

13 Line: 1003 From: Av Albufera 76 { Sierra Carbonera )
~ | {N° Stop: 1003 - AV.ALBUFERA-SIERRA CARBONERA)

| U Se r t ra C k| N g "7 To: Av. de la Albufera, 254 con Av.Pablo Neruda (N°

e Stop: 1015 - AVALBUFERA-AV.PABLO NERUDA)
= Week Scheduler i | prre
http://labs.emtmadrid.es/CareRgutes
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Mobile App Mockup

Usuario
no registrado

m
Nombre de usuario
T Login [ e |

© cantrasefia son
incarrectos.

Contrassia incorrecto 1 Yexo et avis

jinténtalo de nuevo!
-« | | Lorem ipsum dalor

sit amet. consectetur
adipiscing olit

Ham gravida adio
non tallus faucibus
malesuada.

Usuario e |_“|

registrado — Alerta/Aviso

Transcurso
de ruta

Login
correcto

s rutas |

ienaidcs Gammarl o Camnarnos 3 e ogas s st
fieeswseces R@gumen ‘ . Inicio de

€1 Gran Via N*102

ek
y prev. de ruta M« /ruta ciaranvia wes Fin de ruta crmescas ez

= Hasta tucasa: - 0 - Aluche, Madrid
& MiHUo r 9

Mi Casa:

G illescas N2

r Abuche, Madrid

| < o o | | < o o ] | ¢ o o | | < o o |

Ruta completada
Opciones
Informacioén

Acemade . -
Proyeiola e Cancelacion Egiiss
d t £Qué necesitas?
[ e ruta

[ Mostrar ol paso |
Con la participacion de: anterior
@ EMT

¢

L ==
Smaca b=

[e——c— asistencia
———




Next Steps

Hackatons

= The loT Challenge @ Athens, May 2016
= MobilityLabs Event @ Madrid, Summer 2016
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Thank you!

Juan Sancho
ATOS Research & Innovation
juan.sancho@atos.net
WWW.i0t-cosmos.eu
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