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Verso una nuova “Scienza delle Città”



Città           Scala + Estensione + Forma + Dinamica



Scala

Popolazione, Servizi, Trasporti…



Estensione

Confini politici, amministrativi ma…



Forma

Abercrombie 

Town and Country Planning (1935)

—

Dubai


Palm Islands (2011->) 


Here are some idealised forms, which imply different 
degrees of planning  – from Abercrombie’s little 
book Town and Country PlanningTown and Country Planning (1935)

Note that these forms are highly suggestive of 
generative models but let me digress briefly about 
the word ‘city’ and ‘town’ for one minute. I should 
perhaps digress about ‘science’ but that can wait.



Dinamica

Movimento di persone, beni, servizi, 
comunicazioni…

The availability of massive digital traces of human where-
abouts has offered a series of novel insights on the
quantitative patterns characterizing human mobility.

Indeed, satellite-enabled global positioning systems (GPS) and
mobile phone networks allow for sensing and collecting society-
wide proxies of human mobility, like the GPS trajectories
from vehicles and call detail records (CDR) from mobile
phones. This broad social microscope has attracted scientists
from diverse disciplines, from physics and network science1–4 to
data mining5–8, and has fuelled advances from public health9–14

to transportation engineering15–17, urban planning18–21, official
statistics22,23 and the design of smart cities24–27. All these studies
document a stunning heterogeneity of human travel patterns that
coexists with a high degree of predictability28,29: individuals
exhibit a broad spectrum of mobility ranges while repeating daily
schedules dictated by routine. Here we show that this seemingly
conflicting coexistence of heterogeneity and predictability can be
understood by quantifying the impact of recurring movements on
mobility. To be specific, we analyse mobile call records and GPS
tracks of private vehicles, allowing us to compare the overall
mobility of an individual with her recurrent, or systematic,
mobility. Two distinct mobility profiles emerge in both data sets:
returners and explorers.

The characteristic distance travelled by returners, estimated by
their radius of gyration2,6, is dominated by their recurrent
movement between a few preferred locations. In contrast,
recurrent mobility has only a vanishing contribution to the
overall mobility of explorers, who have a tendency to wander
between a larger number of different locations. We find that these
two profiles are well-separated: individuals persistently belong to
one or the other of these two classes. We show that current
models of human mobility4 cannot account for these two classes
of individuals and propose an improved model that can
reproduce the mobility patterns of returners and explorers.
Finally, we demonstrate that returners and explorers play
different roles in spreading processes and that a strong
correlation exists between the mobility behaviour of individuals
and their social interactions.

Results
Data sets and measures. Our first data source is an anonymized
3-month-long Global System for Mobile Communications (GSM)
record collected by a European carrier for billing and operational
purposes. It consists of CDR containing the calls of 67,000

individuals, selected from B3 million users provided that they
visit more than 2 locations during the observational period
and that their average call frequency f is Z0.5 h! 1 (see
Supplementary Table 1, Supplementary Note 1). We reconstruct a
user’s movements based on the time-ordered list of cell phone
towers from which a user made her calls2. Our second data source
is a GPS data set that stores information about the trips
ofB46,000 vehicles tracked during 1 month (May 2011), which
passed through a 250" 250 km square in central Italy. The
visualization of the recorded trajectories demonstrates the
complexity of explored mobility patterns (Fig. 1). We assign
each origin and destination point of the obtained sub-trajectories
to the corresponding Italian census cell, using information
provided by the Italian National Institute of Statistics (ISTAT)
(see Supplementary Table 2, Supplementary Note 2). We describe
the movements of a vehicle by the time-ordered list of census cells
where the vehicle stopped.

We use the total radius of gyration rg defined as2,6:
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to characterize the typical distance travelled by an individual.
Here L is the set of locations visited by the individual, ri is a
two-dimensional vector describing the geographic coordinates of
location i; ni is the visitation frequency or the total time spent by
the individual in location i; N ¼

P
i2L ni is the total number

of visits or time spent, and rcm is the center of mass of the
individual.

The most frequented location L1 is the place where an
individual is found with the highest probability when stationary,
most likely her home. In general, the importance of each location
Lk to an individual is defined by its rank, where Lk is the k -th
most frequented location (Supplementary Note 3, Supplementary
Fig. 1).

Returners and explorers. To understand how the k -th most
frequented locations of an individual determine the characteristic
distance travelled by her, we define the k -radius of gyration rðk Þg .
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as the radius of gyration computed over the k -th most frequented

Figure. 1 | A visualization of the complexity of the explored mobility patterns. A fragment of the GPS trajectories used in our study, displaying trips
originating in the metropolitan areas of Pisa (in blue) and Florence (red). This plain geo-referenced visualization of experimental data reveals the
confrontation of two ‘competing’ metropolitan areas. It also demonstrates the ability of Big Data to portray social complexity. This map has been generated
through the QGIS software, available at http://www.qgis.org/en/site/.
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Dinamica



–Michael Batty

“trattiamo la città come un sistema di dati integrati la 
cui origine risiede nel modo in cui siamo capaci di 

‘sentire’ quello che sta succedendo…” 



Scienza delle Città 
 

Elaborazione e interpretazione 
 dei dati che la città emette / crea / genera





Smart City = Scienza delle Città + Servizi Intelligenti



Smart è una città che 

Conosce 
Elabora 
Utilizza 

correttamente i dati che genera



Big data?



–Alessandro Vespignani

“Viviamo in un’era di dati grandi, ma soprattutto nuovi”



Taxi in NYC

GB di dati (stanno su una chiavetta USB)






Che tipi di dati si usano oggi per le 
analisi di mobilità (e non solo)?



Rilevazioni Statistiche

Indagini su un campione della 

popolazione per conoscerne 

le abitudini di spostamento



Visto che viviamo in una città che trasmette dati, 


è possibile utilizzarli accanto ai metodi tradizionali? 

Che valore aggiunto possono darmi?



Nuove fonti dati Telefonia Mobile



CDR (Call Data Records)

Louail T. et al (2015) Uncovering the spatial structure of mobility networks. Nature Communications 6, 6007 
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Figure 1. Steps of the method to detect land use. (a,b) The urban area is divided in cells of equal area. (c) For each cell, we calculate an
activity profile in terms of phone calls along time during the days of the week. (d) A Pearson correlation matrix between cell activities is
computed. Then the matrix formed by correlations over a threshold value δ is used to define an undirected weighted network (e), which
is clusterized using community detection techniques and the results plotted again on the city map (f ).

every pair of cells, obtaining a correlation matrix describing the level of similarity between activity
profiles. The correlations can take positive and negative values. Distributions of these values are shown
in the electronic supplementary material, figure S4. In order to remove non-significant and negative
correlations, we consider only Pearson correlation coefficients higher than a threshold δ. As a result, we
obtain one weighted network per urban area. We first note that variations of the threshold do not produce
significant changes in the properties of the resulting network. The results in the main text refer to a value
of δ equal to the correlation distribution dispersion.

Once the networks are built, their mesoscopic structure is analysed using clustering techniques. The
main advantage of community detection algorithms in networks compared with more classical clustering
techniques based on dissimilarity matrix is that the number of clusters do not need to be fixed a priori.
However, it is important to note that different clustering methods can lead to distinct partitions of

 on September 10, 2018http://rsos.royalsocietypublishing.org/Downloaded from 
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every pair of cells, obtaining a correlation matrix describing the level of similarity between activity
profiles. The correlations can take positive and negative values. Distributions of these values are shown
in the electronic supplementary material, figure S4. In order to remove non-significant and negative
correlations, we consider only Pearson correlation coefficients higher than a threshold δ. As a result, we
obtain one weighted network per urban area. We first note that variations of the threshold do not produce
significant changes in the properties of the resulting network. The results in the main text refer to a value
of δ equal to the correlation distribution dispersion.

Once the networks are built, their mesoscopic structure is analysed using clustering techniques. The
main advantage of community detection algorithms in networks compared with more classical clustering
techniques based on dissimilarity matrix is that the number of clusters do not need to be fixed a priori.
However, it is important to note that different clustering methods can lead to distinct partitions of
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CDR (Call Data Records)

Lenormand M. et al. (2015) Comparing and modeling land use organization in cities. Royal Society Open Science 2, 150459.
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Figure 2. Temporal patterns associatedwith the four clusters for themetropolitan area ofMadrid. Red: residential cluster; blue: business;
cyan: logistics/industry; orange: nightlife.

the networks. We report next results obtained with Infomap [48], whereas a systematic comparison
with results obtained with other clustering tools is provided in the electronic supplementary material.
As mentioned previously, Infomap does not require the input of a predetermined number of clusters.
Therefore, it is interesting to find that in the five cities, between 98% and 100% of the cells are covered
with only four groups. Figure 2 shows what the activity looks like for each of these four clusters in
Madrid (similar plots for Barcelona, Valencia, Seville and Bilbao are included as electronic supplementary
material, figures S9 and S10).

Each of the clusters can be associated with a main land use:

(1) Residential (red), which is characterized by low activities from 08.00 to 17.00–18.00. For the cells
composing this group, the activity peaks around 07.00–08.00 and during the evening. In the
weekend, the activity is almost constant except for the night hours.

(2) Business (blue), where the activity is significantly higher during the weekdays than during the
weekends. Furthermore, it concentrates from 09.00 to 18.00–19.00. This land use designation can
be related to a wide range of commercial, retail, service and office uses.

(3) Logistics/industry (cyan), where, as for business, the activity is higher during the weekdays. We
observe a large peak between 05.00 and 07.00 followed by a smaller peak around 15.00. This
cluster can be related to transport and distribution of goods: for example, ‘Mercamadrid’ (the
largest distribution area of Madrid) belongs to this cluster.

(4) Nightlife (orange), which is characterized by high activity during the night hours (01.00–04.00),
especially during the weekends. During the weekdays, these areas show higher activity between
09.00 and 18.00, as for the business cluster, which may be hinting at a certain level of mixing in
the land use. Some examples of this category are the ‘Gran Via’ in Madrid and the ‘Ramblas’ of
Barcelona where abound theatres, restaurants and pubs mixed with offices and shops. This is
typically the smallest cluster of the four in number of cells.
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CDR (Call Data Records)

Business

USO DEL SUOLO

Residenziale

Logistico

Vita Notturna



Nuove fonti dati Carte di Credito



Carte di Credito



Carte di Credito

Louail T. et al. (2017) Crowdsourcing the Robin Hood effect in cities. Applied Network Science 2, 11

Indirizzare più flussi economici verso i quartieri 

meno ricchi, così da equilibrare le condizioni 
economico/sociali delle città



Carte di Credito

Louail T. et al. (2017) Crowdsourcing the Robin Hood effect in cities. Applied Network Science 2, 11



Carte di Credito

Louail T. et al. (2017) Crowdsourcing the Robin Hood effect in cities. Applied Network Science 2, 11

Modificando soltanto il 5% degli spostamenti 
per acquisti, mantenendo inalterate le distanze 
percorse, si riesce a riequilibrare il divario 

sociale tra zone della città



Nuove fonti dati Social Networks



User_ID                 Ix*AM*Fabio 

Latitude                 45.6455 
Longitude              13.8106 
Datetime                2019.03.15.14:30:00 
Text                       “Benvenuti al MIB!”

Twitter (dati geolocalizzati)



Twitter (dati geolocalizzati)

Lenormand M. et al (2016) Human Diffusion and City Influence, Journal of The Royal Society Interface 12











Twitter (dati geolocalizzati)

Tracciamento degli utenti da Madrid, al giorno 0



Twitter (dati geolocalizzati)

Lamanna F. et al (2018) Immigrant community integration in world cities, PLoS ONE 13(3)

English Indonesian Turkish

French Spanish East-Slavic

Londra

Parigi



Nuove fonti dati vs Dati Tradizionali



Nuove fonti dati vs Dati Tradizionali ?

Lenormand M. et al (2014) Cross-checking different sources of mobility information, PLoS ONE 9



ma…

Nuove Fonti Dati vs Dati Tradizionali



Tipo di Dato Forza Limiti

Tradizionale (statistica) Buona copertura della popolazione Poco dinamico

Costoso

Social Networks Dinamici

Molto dettagliati

Rappresentatività 
Numerosità

Telefonia Mobile Copertura diffusa
Risoluzione limitata  

alla copertura delle antenne

Costoso

Carta di Credito Condizioni socio-economiche Privacy



Che cosa possiamo utilizzare nel PUMS?

Social Networks (Twitter) - più facili da reperire


Telefonia Mobile - da richiedere alle compagnie telefoniche


Carte di Credito - difficili per ora…



Nuove Fonti Dati + Dati Tradizionali

Nuove Fonti Dati vs Dati Tradizionali



–Simon Jeffrey

“To improve digital connections, cities should invest in people  
– not full fibre”


