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https://en.wikipedia.org/wiki/Cellular_network#/media/File:Transmitting_tower_top_us.jpg


Mobile Phone Network

● Used by mobile phone operators for coverage and capacity
● Large areas split into smaller cells to to support more users

● Range of cells:
○ cities: up to 1 km
○ rural areas: up to 8 km
○ unpopulated areas: up to 40 km



Voronoi tessellation generated 
from a subset of mobile phone 
antennas from the OpenCelliD 
database, used as seed points.

Voronoi cells are smaller in 
densely covered urban areas, 
such as the city centre, and larger 
in less densely covered peripheral 
areas.



Voronoi tessellation of GSM cells in Pisa

https://pypi.org/project/geovoronoi/


Exercise

How can we exploit the mobile phone network to describe the 
mobility of mobile phone users?

No Internet nor AI.

10 minutes



The mobility trajectory of a 
user extracted from mobile 
phone records. 

The phone towers are shown as 
grey dots, and the Voronoi 
tessellation approximates each 
tower’s reception area. 



Mobile Phone Records

● Data records that documents details of: 
○ calls, SMS, data exchange, or other events

● Attributes: 
○ time, duration, completion status, source number, 

destination number, amount of data, etc.

● Automatically recorded by mobile phone providers (carriers)



Types of Mobile Phone 
Records

Call Detail Records 
(CDRs)

eXtended Detail Records 
(XDRs)

Control Plane Records
 (CPRs)



Call Detail Records (CDRs)

● collected for billing purposes
● purely human-triggered, thus sparse
● record created at every call/SMS

caller callee time caller
antenna

callee
antenna

duration





eXtended Detail Records (XDRs)

● collected for billing purposes
● mixture of human- and device-triggered
● record created when down- or up-loading internet content

user time antenna KB





Control Plane Records (CPRs)

● used to check network “health”
● network-triggered
● record is created, e.g., when a device is attached to a new 

antenna (“handover”)

user time antenna
events





CDRs XDRs CPRs



https://epjdatascience.springeropen.com/articles/10.1140/epjds/s13688-021-00284-9/figures/3
https://leoferres.info/blog/2020/07/15/mobile-phone-streams/


https://epjdatascience.springeropen.com/articles/10.1140/epjds/s13688-021-00284-9/figures/3
https://leoferres.info/blog/2020/07/15/mobile-phone-streams/
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DID YOU KNOW THAT?

Just four mobile 
phone records are 

enough to identify you



1, 2, 3..4!

Knowing only four spatio-temporal points is enough to 
uniquely identify 95% of individuals in mobile phone data.

This surprising result emerged from the analysis of Call Detail 
Records of about 1.5 million individuals collected over 15 
months.



Not surprising, after all

Suppose someone knows that a person was: 

● near their workplace on Monday morning
● at a gym on Tuesday evening
● at a restaurant on Friday night
● at home on Sunday afternoon. 

It is unlikely that another person was exactly at the same 
places at the same times.



Privacy vs information

There is a fundamental tension in mobility data analysis:

Although mobility datasets are often anonymised by 
removing names or phone numbers, mobility patterns 
themselves can act as powerful personal fingerprints

Yves-Alexandre de Montjoye, et al. 2013. Unique in the Crowd: The privacy bounds of human mobility. 
Scientific Reports 3, 1376.



Quiz

A phone automatically syncs email in the background. Which type of 
record is created?

A) 
CDRs

B) 
XDRs

C) 
CPRs



Quiz

A subscriber makes a voice call, and the operator records the call 
time, duration, and associated cell information. What type of record 
is this?

A) 
CDRs

B) 
XDRs

C) 
CPRs



Quiz

A subscriber lives at the border of two cells. In what format the ping 
pong effect could be more evident?

A) 
CDRs

B) 
XDRs

C) 
CPRs



Location-based 
social networks

82



Social Networks 
Social structures made up of individuals connected 

Location Data 
Represented in absolute (lat-long), relative (100 m north of the Space 
Needle), and symbolic (home, office, shopping mall) form

Social Network + Location Data



http://yfcc100m.appspot.com/
https://www.flickr.com/map


https://ilegality.files.wordpress.com/2013/05/geolocation.png
https://ilegality.files.wordpress.com/2013/05/geolocation.png


Data Format

user time location 
identifier

location 
position

post 
text

● records collected for each post
● location records at city or specific venue level



Three samples of trajectories 
from a dataset of checkins 
(denoted by markers). 

Data available at 
https://snap.stanford.edu/data
/loc-Brightkite.html



Dimension Main characteristics Implications for analysis

Spatial 
resolution

Location precision varies from GPS 
coordinates to broad place labels or venue 
centroids. Locations may be user-selected, 
altered, or obscured. 

Locations may be uncertain, and 
observations reflect where people post, not 
where they spend time overall.

Temporal 
resolution

Posts are sparse and irregular; posting 
frequency varies across users. Platform and 
API changes create gaps or discontinuities.

Complete routes cannot be reconstructed; 
inferred movements are approximate. Data 
need cleaning for anomalous rates and 
implausible jumps.

Semantic 
resolution

Venue labels, text, hashtags, images, and 
metadata can suggest activity type or purpose. 
These interpretations are indirect.

Rich contextual clues support activity 
inference, but sharing is selective: leisure 
and special events may appear more often 
than routine activities.

Representative
ness

Geotagged users are a selective subset of the 
population. Younger, urban, and digitally 
engaged users are often overrepresented; 
many users do not share locations.

Treat the data as a selective, behaviorally 
rich sample—not a population-wide 
mobility record. Combine with other data 
sources where possible.



DID YOU KNOW THAT?

The busiest place in 
the world does not 

really exist



Null Island

● it’s at coordinates (0,0) in 
WGS84

● nothing there…but a buoy

● developer Steve Pellegrin 
first coined the term in 2008

station 13010 

https://assets.bwbx.io/images/users/iqjWHBFdfxIU/i5DlT_uM7Ocg/v0/1400x-1.png
https://www.bloomberg.com/news/newsletters/2022-05-04/maplab-inside-null-island-the-most-real-of-fictional-places?
https://upload.wikimedia.org/wikipedia/commons/thumb/4/45/Null_Island_2017.jpg/1024px-Null_Island_2017.jpg
https://www.ndbc.noaa.gov/station_page.php?station=13010


● human typos & messy data 
(misspelled street names, 
non-existent building 
numbers), or glitches in the 
geocoder can create invalid 
addresses…

● …so that the output is “0,0”

Null Island

station 13010 

https://www.bloomberg.com/news/newsletters/2022-05-04/maplab-inside-null-island-the-most-real-of-fictional-places?
https://assets.bwbx.io/images/users/iqjWHBFdfxIU/i5DlT_uM7Ocg/v0/1400x-1.png
https://upload.wikimedia.org/wikipedia/commons/thumb/4/45/Null_Island_2017.jpg/1024px-Null_Island_2017.jpg
https://www.ndbc.noaa.gov/station_page.php?station=13010


https://www.strava.com/heatmap#5.44/-0.01648/-0.02407/hot/all


https://www.strava.com/heatmap#5.44/-0.01648/-0.02407/hot/all
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Quiz

After a major transport strike, a city wants to measure how 
aggregate mobility changes compared with previous weeks. Which 
data source is the best fit?

A) GPS B) MPRs C) Social Media D) Census data



Quiz

A researcher wants to map the precise routes drivers take through a 
city and identify where they turn or change speed. Which data 
source is the best fit?

A) GPS B) MPRs C) Social Media D) Census data



Quiz

A transport agency wants to estimate daily flows between districts 
and compare commuting patterns across a metropolitan area. 
Which data source is the best fit?

A) GPS B) MPRs C) Social Media D) Census data



Quiz

A city planner wants to compare the age structure and household 
composition of residents across neighborhoods. Which data source 
is the best fit?

A) GPS B) MPRs C) Social Media D) Census data



Quiz

A researcher wants to study which restaurants or parks people 
choose to visit and what those places mean to them. Which data 
source is the best fit?

A) GPS B) MPRs C) Social Media D) Census data



Analytical 
objective

Best-suited 
data source

Why it fits Main limitation / useful 
complement

Reconstruct 
routes and 
movements

GPS

Frequent, precise coordinates 
support path reconstruction, 
map-matching, and analysis of 
speed and turns.

GPS samples may be socially or 
behaviorally selective.

Estimate mobility 
flows MPRs

Broad coverage and repeated 
observations support OD flows 
and aggregate trends.

Cell-based locations are coarse; 
GPS can add route-level detail.

Study place 
preferences and 
socially 
meaningful visits

Social media

Posts, check-ins, text, and 
images reveal places people 
choose to share and their 
associated meanings.

Sharing is selective. GPS enriched 
with points of interest can help 
identify visits, but presence alone 
does not show preference.

Measure 
responses to 
short-term 
disruptions

MPRs 
(CPRs and 

XDRs)

Frequent observations across 
many users help track 
aggregate changes before, 
during, and after an event.

GPS can complement with 
route-level changes; social media 
can reveal reactions, but not reliably 
quantify population-wide mobility.



GPS traces Phone & LBS data



Black: GPS trajectory
Red: CDR-like trajectory



Black: GPS trajectory
Red: CDR-like trajectory

● GPS trajectory from Google 
Maps

● Voronoi tessellation from 
OpenCellID

● GPS trajectory “transformed” 
into CDRs with skmob


