Predictive Analytics - Human mobility patterns
investigation from social networks
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Challenges

What kind of methodologies are adequate to standardize How can mobility data from different sources be integrated What types of methods are optimal to identify spatio—
mobility information coming from different sources? to find patterns of human mobility? temporal patterns of human mobility?
- Qg?tvei?r?rﬂmier% ™ Management irfornlation PO Corrent Present = ——
[T.Z?;f'aé'o"ﬁe | e |/ssmt~;:lnon / Traffic /L> Traffic Traffic <
Mobility S URRRE LU T ;R _I 'S Data Pattern Database
i —L Patterns, models and prediction of mobility » L“:f:;se,, - ﬂ Application Interface | —. |
;E‘_JU. % Public transport L :
2 Human : == _ == Similar
g C_’-_~ o 8 Sofrware updates = External deta historical traffic
Traces inwthe city g _ Hun br 7 Soc?al relation Y, r e Stgauen:s
City — ,ifr'-vff—"-"-' ) ] Dt Predicted
g = g e J il 8 3 o Travel Time
_ Region characteristics City dynamics » T T s s s as -
Source: Pan et al. (2013) Source: Kuwahara & Tanaka (2008) Source: Kuwahara & Tanaka (2008)

Actions

Data sources Methods

, “EO ‘ Data collection

M, vodafone

Zz S
N

Pafiem recogniton Fusion

Software Download Agreements

7277 a?/aI = ] =7
/ S0 medl anl s Spatl tastes
Routine usin Cell phone
- G I S TwitterAPIg corpary Meto

o Datasourees Mol
Non-narametc statst

Collected data “Spatio—temporal point patterns analysis of <+ Develop models to analyse origin
T & A geolocated tweets to characterise urban — destination data from Lisbon’s
A/ & dynamics’ metro.

Cidade Universitsria T g ‘ SPATIAL 2 01 7
—4 STATISTICS 2Ewore e Seld  »  Develop models to analyse
Y | . | trajectories based on call detall
| | =) " 1HIVYZ ' ' '
RN P Human moblllty_. dimensions, aggrega:tlon records.
T X levels, spatial scales, and models

Evaluate alternatives to make

The KHOW‘edge Engineermg Re eW . data integration.

— ™~
Public security Urbanm planning
Applications
Transportation I Healthcare I Commerce
. — A
data / Javascript L] ~ — =
5 /_/,. Mobility: Pattermn and model of mobility
// g // Knowvwwledge Human: INndividual activity Social event
-~ e |
: /
/ P ' * City: Region semantics City dynamics
s 3 — -
7~ 3 l
K \ // » NMining: classification, ranking, regression
r'y R _ : : : : —
PHP Single trace: Location string Geographical info.
‘ Trace NMultiple traces: Co-presence Visiting frequency
Others: Time info. Location semantics
\_ ) Server L _
- - Sensing: GPS, G&GSM, WIiFi, Bluetocooth, RFID
v {3 Pl _ R aAnll—-

Source: Pan et al. (2013)

Consortium References
S P O] UNIVERSITAT
WiLHE LS. UNIVERSITAT IMS U i 1. Kuwahara, M., & Tanaka, S. (2008). Urban transport data fusion and advanced traffic
MUNSTER et JAUME-I : o : . :
e management for sustainable mobility. In Y. Sadahiro (Ed.), Spatial data infrastructure for
urban regeneration (pp. 75—-102)
Ackn owledgements 2. Pan, G, Qj, G., Zhang, W, Li, S., Wu, Z., & Yang, L. (2013). Trace analysis and mining for

, , _ smart cities: issues, methods, and applications. [EEE Communications Magazine, 121
The contributors gratefully acknowledge funding from the European Union through the

GEO-C project (H2020-MSCA-ITN-2014, Grant Agreement Number 642332,
http://www.geo-c.eu/).



