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MOBILITY IS A CHALLENGE FOR CITIES

With the rise of urbanization, cities all around the world are facing scaling and design 
issues. 

Cities are not only a physical space, but a place that fosters people interactions  

”In The New Science of Cities, Michael Batty suggests that to understand cities we must view 
them not simply as places in space but as systems of networks and flows. ” 

Empirical studies point to a systematic acceleration of social and economic life with city 
size (superlinear scale-invariant                                   )  

Economic output, wages, patents, violent crime and the prevalence of certain contagious 
diseases.  

A functioning transport system is the  mean that enables interactions inside cities. 

As a city grows, the number of interactions also increases: 

$ as consequence the mobility demand increases and puts enormous strain on the transport 
infrastructures of all sorts. 

Information about the mobility at the macro level of a city enables us characterize and 
understand how a city is functioning.     
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% The origins of scaling in cities 
Louis M.A. Bettencourt 
science 340 (6139), 1438-1441, 2013. 

% The scaling of human interactions with city size 
Markus Schläpfer, et al  
J. R. Soc. Interface 2014. 

Y ∝ Nβ when β > 1



LITERATURE REVIEW
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"Understanding road usage patterns in urban areas."  
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% Song, Chaoming, et al.  
"Modelling the scaling properties of human mobility.” 
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% de Montjoye, Yves-Alexandre, et al.  
”Unique in the Crowd: The privacy bounds of human mobility.” 
 Scientific reports 3 (2013). 

Predictable Slow Explores Unique



LITERATURE REVIEW: SLOW EXPLORATION 
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% Gonzalez, Marta C., Cesar A. Hidalgo, and Albert-Laszlo Barabasi.  
"Understanding individual human mobility patterns."  
Nature 453.7196 (2008): 779-782. 

Radius of Gyration: 

Conclusion: 
The human mobility can be easily model by a Levy Walk 



LITERATURE REVIEW: NETWORK MOTIF
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% Schneider, Christian M., et al.  
"Unravelling daily human mobility motifs."  
Journal of The Royal Society Interface 10.84 (2013): 20130246. 

Daily Mobility Motif 
N distinct locations 
Directed edges mark trips between locations 
Must start and end at the same location 
Physical location no longer important 



COULD MOBILE PHONE METADATA BE USEFUL TO DERIVE HUMAN MOBILITY ?
Human mobility information is of prime interest for: 

public safety authorities (large event management e.g. Olympic games) 

public transport authorities, transportation network companies (Uber, Lyft), bike sharing compagnies 

Public policies: the dynamic evolution of the mobility demand may affect cities policy such  urban access 
regulations  in case of pollution pic, low emission zones 

Up-to-date mobility information is a key element of a Mobility-as-a-Service (MaaS) system. 

Questions to answer: 

Can we mesure the mobility at scale in realtime ? 

Can we measure the mode of transport ? 

can we measure precisely the delays in public transports ?    

Pro and Cons 

& capture mobility information at very lare scale and at relatively low price 

& a tool that aims toward the studies of events of meso/macro scale 

' poor geospatial accuracy compared with GPS dataset 

' privacy issues (GDPR in EU)
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MOBILE PHONE NETWORK SIGNALIZATION
What is GTP ? 
A tunneling protocol that carries 
the data traffic between NodeB/
eNodeB to the point of presence 
(POP) toward internet. 

What is the PDP 
context ? 
GTP-C the signalization protocol 
for GTP. Each time a network event 
triggers a GTP-C message, this 
information is stored inside a 
specific PDP-context at the GGSN. 
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PDP context: 

IMEI 

IMSI 

MSISDN 

RAT (radio access technology) 

ULI (user location information) 

APN (access point name)



PLATFORM FOR DATA CAPTURE
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Data Description

Timestamp Packet’s timestamp in micro

Anonymous ID Randomly generated ID

Tunnel ID tunnel ID carrying the traffic

Message Type Create / update / delete

Sequence Number GTP-C number

Mobile’s IP address IP address

TAC Brand & manufacturer of the device

QoS 3GPP QoS information

Radio Access Technology GPRS, EDGE, EUTRAN

% Mobile Data Network Analysis Platform 
A. Sultan, F. Benbadis, V. Gauthier, H. Afifi 
Proceedings of the 6th International Workshop on Hot Topics in Planet-Scale Measurement, 2015. 

high serialization  
time



MOBILE PHONE METADATA (DATA CHANNEL)

The sampling  of mobile position is a complex spatio-
temporal process: 

The PDP update interval depends on  the mobile phone 
activity: e.g. call (vertical handover), data channel standby  
The distribution of BS (base station) in space is regular but 
non uniform
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SPATIAL SAMPLING

Compute the distance 
distribution of all the pair of BS. 

filter threshold
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Experimentation 1: 
SFR Dataset



SOME EXPERIMENTATIONS
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Fig. 3.: Aggregated representation 1 020 645 trajectories 
over half day period (04H00 to 12H00) for 784 699 users 
moving inside the Paris region, France. The transitions 
represent the beginning and the end of a trajectory. The end 
of a trajectory is defined when a user remains more than 30 
minutes in the same spot. (the graph density is 0.0055 for 
11980 Base Station, we filtered the trajectory radius of 
gyration under 2km) 

Fig 1.: Experimentation done over 
one week period in April 2015 in 
Paris vicinity. Inter-Departure rate 
of 4 million persons in Ile-de-
France gathered over one week.  
inter departure distribution is 
represented by the color.   

Spike at typical 
inter-departure time

Weekday pike

Morning & afternoon 
 pike

Fig 2.: Experimentation done over 
one week period in April 2015 in 
Paris vicinity. Number of distinct 
device x 10000 over time.



Experimentation 2: 
Bouygues Dataset



TRAVEL TIME, JUMP LENGTH, SPEED
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The flow distribution 
is power law

1. Travel time  
2. Travel duration  
3. Travel distance 
4. Speed vs distance
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DATASET: 
•One couples of days of cellular network signalizations 30 GB (call, sms, PDP 
context) 
•Geographic area : Île-de-France 
•3.5 Millions of distinct IMSI, approx. 1/3 of the pop of IDF  
•1.6 Millions usable trajectories (real mobility) 
•40 000 cells sectors, 5000 BTSs 
•Preprocessing tool: Amazon Redshift 
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COMPARISON WITH THE EGT-H2020
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Une croissance marquée aux heures de pointe
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L¶aXgPeQWaWiRQ des flux concerne la quasi-totalité des périodes horaires. C¶eVW la conséquence
directe de O¶pYROXWiRQ de O¶RffUe de transports collectifs (nouvelles infrastructures, développement de
O¶RffUe sur les réseaux ferrés existants et développement de O¶RffUe bus) qui a permis un report
modal.

Elle est très marquée aux heures de pointes notamment à celles du matin, en lien notamment
avec la croissance du nombre de cadres.

On note aussi d¶aYaQWage de retours tardifs le soir.
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La diminution des déplacements en voiture : 
une tendance à confirmer
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Au cours de la journée, ce sont toutes les périodes horaires qui voient le nombre de
déplacements en voiture diminuer, hormis en soirée.
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Trajectories Mapping of Cellphone Metadata



CREATE A MAPPING ALGORITHM FOR CELLULAR TRAJECTORIES

Goals 
Study the human mobility with a large dataset 
Map cellular user trajectories on a transport network 
Guess what is the transport mode used by a given mobile carrier 

Issues 
Use an unsupervised method (large coverage area) 
The transport network is multimodal (road, train, subway) 

Dataset 
GTP signalization data
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Application for public transport authorities 

Public safety: large event, i.e. olympic games 

Human mobility  applications: e.g. volumetry of transport modes 

And many other applications



TRAJECTORIES INFERENCE: GIS
GIS processing 

Process each layer separately 
and form a graph 

each road intersection is a 
node 
each metro station is a node 

Add cross layer links where it’s 
needed, i.e.: between a road 
intersection close to a metro 
station 
Collapse all the layers into one 
graph

21

: vertices

: edges

: layers

: fonction that associates a layer to a vertex



QUANTIFYING THE SEARCH COMPLEXITY IN GRAPH
Complexity of searching on  a graph1,2
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Table: Different transportation networks with their properties

% 1. K. Sneppen, A. Trusina, M. Rosvall, Hide-and-seek on complex networks, Europhysics Letters (EPL) 69 (2005) 853–859.  
% 2. M. Rosvall, A. Trusina, P. Minnhagen, K. Sneppen, Networks and cities: An information perspective, Phys. Rev. Lett. 94 (2005). 

 The average length between two 
consecutive intersections is rather 

heterogeneous across different 
transportation layers. As well as the 

number of nodes in each layer.
Probability for a random walker starting at node i  

to reach node j along the shortest path



SEARCH COMPLEXITY OF THE MULTILAYER GRAPH

Compute the search entropy: the 
average probability for a random 
walker to reach a given destination. 

Conclusion 

Various level of complexity at each layer 

Searching in a multilayer graph is more 
complex than the sum of the search 
complexity of each layer 

Continued
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Normalized

Absolute

for all degenerate pathsFor all combination of  
sources and destinations 



DESIGN OF THE HMM
Given a  user trajectory 

Discretize the problem, a given user can only 
be in a: 

Road intersection 

Train or metro station 

Use the Viterbi algorithm to compute the 
most likely path  

Associate a probability to each possible 
position (e.g. road intersection) 

Define all possible transitions between all the 
possible states of the system  
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EMISSION PROBABILITY
Many different kernels can be used to model the 
emission probability, such as ray tracing technic 
to account for the terrain elevation for instance. 
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1.0

0.0

Pr

DRmax

: is the maximum transmission radius of the 
base station that recorded the observation 



TRANSITION PROBABILITY
Find the shortest path between 
any two nodes in the network
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: shortest path between node Si and Sj 

: average speed on the link e 

: geodesic distance of the link e

Table: Edge classification and 
weights for multilayer 
transportation network



VALIDATION
Validation with a small sample of 10 
people over a 1 month duration 

Experimentation 1: Sampling Frequency 
of the mobile position (BS) every 15 mins 
Experimentation 2: Sampling Frequency 
of the mobile position (BS) every 5 mins 

Each person was equipped with a GPS 
logger for ground truth 

Around 1000 trajectories available that 
cover Ile-de-France (Paris area): 

70% are using road only 
30% subway + train
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myself
Move App 
https://www.moves-app.com/
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Compute  
the emission probabilities

Compute  
the transition probabilities

Compute the most 
likely path 

ALGORITHM



RESULTS
continued
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FUTURE WORK
Simplify the underlining map complexity by using  a multiplex 
representation of the transport network as opposed to a 
multi-layer graph 

Develop a more robust framework for computing the 
transition probability, including the travel time (e.g. measured 
travel time vs estimated travel time) 

Develop more robust algorithms than the Viterbi algorithm. 
However there is a trade off between the scalability of the 
solution and the quality of the mapping 
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Dynamic population estimation using 
mobile phone metadata



Dataset: Telecom Italia Challenge Datasets 

Locations (regions): 
Roma 
Turino 
Bari 
Palerno 
Milano 
Venizia 

Datasets: 
Population data 
Callin/callout 
Cars traffic 
Cars Trajectories 

Duration: 
2 months

STUDIES OF THE DYNAMIC OF POPULATION DENSITY
Goals: 

New approach to infer 
population density, 
overcoming censuses 
and surveys limitations 
(cost, scalability, time)  

Automatic and real-
time estimation of 
population density  
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MODEL
Analysis of the 
telecommunication 
metadata for 
inference of the 
dynamic of the 
population density 

The landuse  
information is 
extracted through 
clustering of the call-
patterns of each cells
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DYNAMIC OF THE POPULATION DENSITY 
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ONE DAY IN MILAN…

Dynamic distribution of 
population during a public march 
in Milan on April 25. Z-scores of 
the estimated population 
densities from 1 pm to 4 pm.
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VALIDATION OF THE METHOD WITH FOOTBALL MATCHES
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Estimation of football matches attendance compared with ticketing information  

Better result has been obtain with Bouygues Datasets for the UEFA European 
soccer cup in France in 2016 (euro2016)
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PARIS REGION’S STUDY (BT DATASET)

In order to validate our dynamic model during day time we estimated 
the population attending sport events. We collected spectators 
numbers hosted in two stadiums, Stade de France and Parc des 
Princes. Network antennas located inside both stadiums have long 
range signals with hypothetical circular areas. In this case, cells areas 
are erroneous as they cover several blocks surrounding the stadium. 
Consequently a substantial part of attendees is mapped over stadium 
neighboring blocks. The stadium blocks population was therefore 
largely underestimated. To overcome mapping bias, MPs presence 
was this time calculated at cellular resolution instead of blocks. 
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Table V: Results on Stadiums Attendances

Day Tstart Sport International σMed σMax ρ̂Med ρ̂Max ρ

06 − 11 − 2016 08 : 45pm Football NO 2097 3242 39289 46734 42002
11 − 11 − 2016 09 : 00pm Football YES 3307 5135 61301 79374 78000
19 − 11 − 2016 05 : 00pm Football NO 2474 3859 30266 42754 44258
19 − 11 − 2016 09 : 00pm Rugby YES 2871 4412 65463 79558 73700
26 − 11 − 2016 09 : 00pm Rugby YES 3620 5824 81952 96622 78500
30 − 11 − 2016 09 : 00pm Football NO 1996 2827 39282 44235 40597
06 − 12 − 2016 08 : 45pm Football NO 2743 3658 40155 46387 42650
11 − 12 − 2016 08 : 45pm Football NO 3662 4466 46152 59302 47665
14 − 12 − 2016 09 : 00pm Football NO 2788 3314 40544 47305 45183

Table VI: NRMSE scores

MAX MED

ALL 0.143 0.148
NATIONAL 0.126 0.143

INTERNATIONAL 0.157 0.142

model validity and fine tune our parameters, substantial
ground truth at fine-grained resolution is necessary yet
hardly accessible. Still our dynamic model has provided
very good results on sport games attendances in two
stadiums. Regarding transport planning, several use cases
are possible. One is the estimation of commuters numbers
on transportation hubs, e.g. train stations. Another appli-
cation is anomalies detection when abnormal variations in
population counts occur. In this context, further data are
required for validation, e.g. ticketing and traffic counts.
Our time dynamic population estimation model offers
thus promising perspectives toward public transport
planning.
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4.3.5 Analysis of Results at Block Resolution

After estimating the dynamic population at block scale, we assess the impact of
the scaling factor R(⁄, t) on the model performance. Without this parameter the
estimated total population ranges between 3 million and 36 million which is not rea-
listic, considering there are 12 million residents. With R(⁄, t), the estimated Greater
Paris population is calibrated to be constant. First, the performance evaluation of
the dynamic model at block scale is assessed trough a comparison with Paris. The
city-center population is expected to fluctuate during the day while the residential
population of the city is the expected lower bound during the night. Considering our
dynamic estimates for Paris, the minimal value obtained during night time is 1.55 mil-
lion against 2.25 million residents. Therefore, the Paris population is underestimated
by 31%, at the block level. This result unveils a well-known limitation of traditional
models which underestimate populations in denser areas while overestimating in
lower density areas (DEVILLE et al., 2014). One way to correct this error is by
adding a different rescaling term for the city center (Rctr > 1) and for the suburb
(Rsub < 1).

fl̂ú(t) = Rú(⁄, t) · –(⁄, t) · ‡(t)— (4.18)

Rctr = 1.44 · R(⁄, t) (4.19)

Rsub(⁄, t) =
‚Psub(t) ≠ ‚Pctr(t)

‚Psub(t)
· R(⁄, t) (4.20)

where ú œ {sub, ctr}, Psub and Pctr are respectively the residential population of the
Greater Paris region and of Paris. A second way to overcome this issue could be
to train several regression models in order to extract different parameters (–j , —j)
for different zones j. Still, the optimal boundaries and size of such zones have to
be determined, as the spatial scale can impact the model. For instance, different
models could be trained for each department, towns, blocks etc. The final estimated

FIGURE 4.16: Final dynamic popula-
tion in Paris over time,
for a typical business
day.

FIGURE 4.17: Boxplots for census vs. estimated po-
pulation densities and absolute num-
ber of visitors for a typical business
day.

4.3 Results 61



Inferring Dynamic Origin-Destination Flows by 
Transport Mode using Mobile Phone Data



EXTRACTION OF THE TRAVEL MODE IN THE PARIS AREA 
bayesian inference of travel mode: 

we compute the landuse of  each mobile 
network cell sector (subway, train, road), 
semi-semi-supervised learning   
We use Bayesian inference to compute the 
transport mode of a given cellular trajectory    
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OD FROM PARIS AREA EXTRACTED FROM MOBILE PHONE DATA

Our main data are mobile network records representing 
billions of rows each day (Terabytes). The mobile 
operator providing the data has a market share of 11.7 % 
in France, at the time of the study. Records are collected 
for the Greater Paris region over a two months period 
during spring 2017. Records are produced at the start 
and end of voice calls, and every time a message is sent 
or received. Data records are generated at the start and 
end of 3G and 4G data sessions (i.e., IMSI attach/detach). 

Survey : source: EGT 2010-Île de France Mobilités-
OMNIL-DRIEA)
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correlations between survey and mobile phone flows per hour are equal to 0.95 for rail trips and 0.97 for road trips. Therefore, the
hourly patterns of a typical business day remain identical for survey and mobile phone data for both modes, as observed in Fig. 19.
Secondly, we compare the absolute values for the sum of flows during 24 h of a business day (see Table 4). In the year 2010, the
survey reported 6.0 million rail flows for a business day. After rescaling MP rail flows, the average rail flows obtained is 6.4 millions.
Compared to year 2010, our results show a raise of+ 6.4% rail transport flows, during spring 2017. Comparatively, the Greater Paris
transport authority reported a + 10.9% annual rise for public transport trips in 2016 compared to 2010 (Source: Île-de-France Mo-
bilités 2017). The 4.7% difference between our results and the transport authority estimates can possibly be caused by seasonal
variations or by undetected mobile phones.

Meanwhile, after rescaling MP road flows, we find 11 millions road trips against 18.2 millions in the survey, for a business day.
This corresponds to 39% of road flows being undetected from the CDR for a typical business day. Our findings reveal that a con-
sequent part of road flows are undetected while our estimated rail flows are close to the survey by a few percents. One possible
interpretation for this phenomenon is that mobile network cells are denser and smaller in Paris while the size of mobile network cells
gradually increases in the suburb. Consequently, a subset of CDR trips occurring in the suburb might be too short compared to the
mobile network scale and hence remain undetected.

Thus, we decide to filter trips shorter than 1.5 km in suburb ring 1 and shorter than 2.5 km in suburb ring 2 to cope with the
coarseness and heterogeneity of the mobile network due to a heterogeneous urban density. As a result, we obtain a total of 11.3
million survey road flows. In comparison, our estimates show a loss of 3% road flows. For rail trips, filtering out the small-distance
trips results in less than 1% difference. For the case study of the Greater Paris, we believe this reveals that the inter-distance between
train stations is higher than the filtered distance thresholds. When comparing the difference of transport ratio Rail flows

Road flows
, our results

reveal a modal shift of 16% from road to rail mode since 2010, considering that small-distance trips are filtered out from the survey.
Compared to the survey, our estimates with CDR (see Fig. 19) reveal that flows during peak hours remained relatively identical for

the rail mode ( 2% between 7–9 AM and 1% between 4–7 PM) and have decreased for the road mode ( 9% between 7–9 AM and
27% between 4–7 PM). Meanwhile off-peak hours flows have increased by 14% for rail mode and 5% for road mode between 9

AM–4 PM. In addition, we observe a rise of evening flows between 7–11 PM by 48% for rail mode and 28% for road mode. Then, we
compare the evolution of the transport trends between the two surveys from 2010 and 2001. The 2010 survey has indicated that the
number of road trips has been decreasing during morning peak (-8% between 7 and 9 AM) while it has increased during off-peak
hours (+7% between 9 AM and 4 PM) and evening peak time (+6% from 4 to 7 PM) since 2001. Thus, our findings for off-peak hour
flows remain consistent with the trend announced in 2010. Meanwhile our results for 2017 suggest that road and rail flows span over
a longer period during the evening.

6.1.2. Origin-destination flows
In addition, we estimate the OD flows for rail and road modes at the ring scale (see Fig. 20). The Pearson correlation for OD flows

are respectively 0.94 and 0.97 for rail and road flows. The absolute differences are calculated between our estimates and the survey in

Fig. 19. Daily pattern for survey and CDR flows during a business day. We have filtered survey road trips shorter than 1.5 km in ring 1 and shorter
than 2.5 km in ring 2 to cope with the heterogeneous density and coarseness of the mobile network.

Table 4
Total flows per transport mode in the Greater Paris for a typical business day. Flows are calculated with mobile phones (MP) before and after
rescaling. In the column ‘Survey’ all road and rail trips from the 2010 survey are considered. In the column ‘Survey∗’, we filter short-distance trips
i.e., shorter than 1.5 km in suburb ring 1 and shorter than 2.5 km in suburb ring 2 to cope with the heterogeneous density and coarseness of the
mobile network.
Mode MP (raw) MP (rescaled) Survey Survey∗ (filtered)

Rail flows 12,27,284 63,83,103 59,99,183 58,43,650
Road flows 21,28,750 1,10,34,581 1,82,15,180 1,13,68,597
Rail flows

Road flows
0.55 0.58 0.33 0.51

D. Bachir, et al. 7UDQVSRUWDWLRQ�5HVHDUFK�3DUW�&���������������²���
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14,8 millions de déplacements en voiture particulière

ainsi que 0,3 million de déplacements 
d͛échange avec l͛eǆtérieur de l͛Île-de-
France

La répartition géographique des
déplacements en voiture diffère
nettement de celle de l͛enƐemble des
modes.
13,2 millions de déplacements en
voiture particulière ont lieu en dehors
de Paris, c͛eƐƚ-à-dire 9 déplacements
en voiture sur 10.
Les déplacements en voiture se font
principalement en grande couronne,
où la voiture est le mode majoritaire.

Les déplacements dans Paris ne
représentent ƋƵ͛enǀiƌon 2,5% du
total. Et les déplacements radiaux
banlieue ʹ Paris (900 000), 6%.
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EGT - H2020 - Cars

9,4 millions de déplacements en transports collectifs

Moins de 0,1 million de déplacements 
d͛échange avec l͛eǆtérieur de l͛Île-de-France 

Le nombre de déplacements en transports
collectifs est important à l¶inWpUieXU de
Paris : un quart des déplacements y sont
réalisés en transports collectifs contre
moins de 5 % en voiture.
Les déplacements radiaux en transports
collectifs entre Paris et la banlieue sont
plus nombreux (3,1 millions de
déplacements). Pour ces déplacements,
les transports collectifs sont le mode
largement majoritaire (aux deux-tiers avec
la petite couronne, aux trois-quarts avec la
grande couronne). Ce sont des parts
modales qui sont confortées par rapport à
2010.

En 2018, les déplacements réalisés
intégralement hors de Paris atteignent
4 millions et le volume de déplacements à
O¶iQWpUieXU de la petite couronne se
rapproche de celui à O¶iQWpUieXU de Paris
(1,9 million / 2,3 millions).

En banlieue, la part modale des
transports collectifs a augmenté : en
petite couronne, entre la petite et la grande
couronne ainsi TX¶eQ grande couronne.
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EGT - H2020 - Public transport



MAINS FINDING
Huge amount of mobility flow happen between suburbs. 

The public transport infrastructure poorly supply the mobility 
between suburbs, the ”Grand Paris” infrastructure is suppose to 
change the statu quo.  

As consequence the majority of suburb to suburb trips are ride by 
car. 

At the time of the study, we didn’t have access to the EGT 2020, 
but our result seems in line with it. 

Change of behavior  number of trips observed 

During the public transport strike of Mai 2018 
No modal shift were observed 

Reduction of the number of trip perceptible some days but not 
for all 
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Epidemic modeling using cellphone metadata



TELECOM APPLICATION OF THE MOBILITY
Can we diffuse public safety message through 
peer to peer mobile communication scale to 
country size ? 

We use only mobile handset with D2D 
communications (device to device communication) 
(5G devices). 

People carry the message in their mobile device 
throughout their daily trips. 
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% Emergency Alert and Warning Systems: Current Knowledge and Future Research Directions 
National Academies of Sciences, Engineering, and Medicine. 2018.  https://doi.org/10.17226/24935.



MOBILITY WITH META POPULATION
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Mobility extracted from  
the D4D orange dataset % Data for Development: The D4D Challenge on Mobile Phone Data 

V. Blondel, et al, 2013.

Dataset  
Ivory Coast 

19 Regions 
81 Departments 
255 Sub 
prefectures 
1201 Antennas 

Orange Subscribers 
CDR (Call Data Record) 

coarse grain 
fine grain 



GENERAL OVERVIEW OF THE MODEL
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% Balcan, D. et al.  
Multiscale mobility networks and the spatial spreading of infectious diseases.  
Proc. Natl. Acad. Sci. U.S.A. 106, 21484–9 (2009).
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Modelization of the population with mean field 
assumption: 

Homogeneous mixing 
One relevant information: 

Epidemic threshold 
Wildly used systems of equations to compute 
efficiently spreading behaviors  



RESULTS
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EVOLUTION OF THE CELLULAR NETWORK
4G networks:  

The voice channel is not used anymore 

All the mean of communication are using the data channel 

Geolocalization by triangulation possible but for a restricted set 
of mobiles? 

5G networks 

Geolocalization by triangulation will be available at large scale 
(measurement of the Signal Strength more robust to the fading) 

Low level metadata will be more easy to collect
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