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Global urbanization map (by 2015) 

1st phenomenon: the Urbanization 
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“…By 2050, ≈64% of the developing world and 86% of the developed 
world will be urbanized…”  

”…nearly all global population growth from 2016 to 2030 will be 
absorbed by cities...” [United Nations, Wikipedia] 

Sao Paulo (Brazil), 12th populous city in the world (≈20 million)  
Mumbai (India), the 4th most populous 
city in the world (≈23.9  million) 

My precious!!!  
 Tokyo-Yokorama (Japan), the 1st most populous 

city in the world (≈37.8  million) 



Urbanization: Effects 
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Economic effects 
Environmental effects 

Health and Social effects 
 

Challenge: 
Densification 
challenge in 

communication 
infrastructures!! 

 



2nd phenomenon: The culture of the small screen… 
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 Do you know that a person takes: 
… normally 26h to report a lost wallet, but only 68min to 

report a lost phone (Source: Unisys)  
 

…90min to reply to an e-mail but 90s to reply to a text 
message. (Source: CTIA.org) 

 
 

Source: Mobile Marketing Statistics 2013 

My precious!!!  
 



... its senses and capacities ... 
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• 3G/4G 
• WiFi 

• Bluetooth 
• Microphone 

• Camera 
• Ambient light 

sensors 

• GPS 
• Accelerometer 

• Gyroscope 

Why not to smell the air? 

The audition 

The speech 

The sens of direction 
and location 

•  l’Ecran tactile 

The touch 

•  Toxins sensors, from 
UCSD, EUA 

• Sensirion Suiss sensor, 
Galaxy S4 

Sensitivity to pressure, 
humidity and 
temperature 

The vision 
Smartphone Sensing Group, 

Dartmouth College 
CarSafe application 
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… the increasing demand for capacity and new services… 

…Global mobile devices and connections in 2015 grew to 7.9 billion, up 
from 7.3 billion in 2014. 
 
…Global mobile data traffic will increase nearly 8-fold between 2015 
and 2020 (CISCO White Paper) 

… and the involved steady traffic growth and challenges 



3rd phenomenon: Big Data 
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Big Data’s characteristics: 

The new PETROL!! 



Big Data:  Like petrol, it needs to be refined 
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….still a lot of “pollution” is 
generated 



Big Data: How to get control? Do we really need all of 
these? 
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What is the common and central factor? 
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But... 
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Still a big gap 

Human 
behavior 

and needs 

Designed 
networking 

services and 
protocols 



… making essential: 
 
(1)  To better understand how human behaves 

(2)  To bring human behavior awareness to the design of networking 
solutions 

•  Intuition: The social norms and structure shaping human behavior 
will influence the way they interact with the network and 
demand resources 

 

 

Put the human element in the foreground… 

12 

Definition: (adj) having or 
showing a sense of what is fitting 

or appropriate 



Human behavior here translates in… 
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•  Context 
•  Important 

locations 
•  Similarity 

•  Application 
•  Websites 

 

•  Why not 
Personality 

Traits? 
 

•  Regularity 
•  Duration 
•  Similarity… 
… in wireless 
encounters  

Extracting representative knowledge from users behavior and environment! 

Mobility Interactions 

Data 
traffic 

Social  
ties 

•  Regularity 
•  Duration 
•  Similarity… 
… in on-line 
social 
networks 
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Methodology: Data sources 

Raw Data 

Spatial information Temporal information Traffic information 

GPS coordinates timestamp Traffic volume 

Cell tower coordinates duration URL 

AP connectivity Calls/sms 
39:4 T. Silva et al.

Fig. 1. Typical urban data sources.

details; safety, e.g., crimes committed and prisons made; and energy, e.g. gas consumption and
electricity demand. It is possible to find multiple data sources on the Web from this category to
some cities, and, typically, these data are open and easy to obtain. This type of data source
is gaining popularity especially with the launch of open-data government initiatives such as
Data.gov and Data.gov.uk. However, these data may not be always available for the location
we may intend to study. Another difficulty is the diversity of formats in which the data are
available, for instance in tables, maps, graphs, calendars, forms, among others [8].
• Location-based social networks: are a special kind of social media that combine online

social networks2 features and the possibility of sharing data with spatiotemporal information.
Location-based social networks provide urban data that implicitly have social aspects, such as
user’s preferences and routines [127, 139, 140]. This is due to the active and voluntary user
participation, acting as a sort of social sensor, in a distributed process of sharing personal and
also data about various aspects of the city in Web services. This process is also known as
participatory sensor network [112, 113], in fact, LBSNs are the most popular examples of it.
One key point is that users manually determine how, when, what, and where to share data.
LBSNs became quite popular thanks, partially, to the increased use of portable devices, such
as smartphones and tablets. These devices typically contain several sensors, e.g., GPS and
accelerometer, enabling users to explore them to sense the environment, and, with that, having
the opportunity to enrich LBSN data. In addition, users can also use their own physiological
sensors, e.g., vision, in this sensing process, producing more subjective data. LBSNs provide
unprecedented opportunities to access data on a global scale. Traditional data collection
techniques, e.g., census population surveys, volunteer recruitment, and GPS data, are not
promptly available with the same global reach of LBSNs. Using LSBN data we can easily
monitor different conditions of cities, as well as the collective behavior of people connected to
the Internet in (almost) real-time. This improves the process of decision making of different
entities, including individuals, groups and applications [112, 113].
There are several examples of location-based social networks already deployed on the Internet,
such as: (1) Foursquare, with more than 50 million users monthly using it [38], which allows
them to share places they are visiting with their friends; (2) Waze3, with 65 million active
monthly users [48], which serves to report traffic conditions in real-time; and (3) Instagram4,

2Virtual platform that built and reflects social relations of real life among people.
3https://waze.com.
4https://instagram.com.

ACM Computing Surveys, Vol. 9, No. 4, Article 39. Publication date: March 2017.

Data sources 
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Methodology: Data sources 

Urban Computing Leveraging Location-Based Social Network Data 39:5

company with 700 million monthly active users in 2017 [52], which allows users to send
real-time images to the system. Another example of LBSN is Twitter5, a system with about 313
million monthly active users in 2016 [128], which allows its users to share personal updates
in texts up to 140 characters, known as “tweets”. Data from all those systems enable the
monitoring of various aspects of cities as well as the collective behavior of people in near
real-time. Taking as an example this former system, people could use their portable devices to
share tweets containing real-time information about demonstrations or accidents in the city,
allowing, for instance, unexpected problems to be identified by city authorities.

3 URBAN COMPUTING FRAMEWORK CONSIDERING LBSN DATA
Urban computing using LBSN data connects advanced management and analytic models of big and
heterogeneous data generated by diverse location-based social networks as well as helps service
and application improvement in different areas (e.g., urban planning, environmental conditions, etc).
A general framework regrouping these components into layers is thus usually considered in the
literature. Figure 2 shows an overview of this framework, highlighting the three most important
components: (i) management (Section 3.1); (ii) analytics (Section 3.2); and (iii) development of
services and applications (Section 3.2). Hereafter, we briefly discuss these components and suggest
the reading of [141] for a more detailed discussion on categories of techniques frequently used.

Fig. 2. Overview of the urban computing framework with LBSN data.

3.1 Management
As illustrated in Figure 2, the management of LBSN data is composed of some important steps. The
first one is the collection of LBSN data, that could be obtained from several sources. LBSN data can
be gathered, mainly, by APIs and Web crawlers.

There are two main ways of working with APIs: (1) Based on streaming; (2) Based on requests.
An API based on streaming allows the collection of data in (almost) real-time that they are published
in the system. Twitter Streaming API6, for instance, allows collecting in almost real-time public
tweets. The python library TwitterAPI7 is one option that eases the use of Twitter Streaming API.
5https://twitter.com.
6https://dev.twitter.com/streaming/overview.
7https://github.com/geduldig/TwitterAPI.

ACM Computing Surveys, Vol. 9, No. 4, Article 39. Publication date: March 2017.

APIs, personalized 
apps, networking 

probes, etc 

Cleaning/
filtering, 

completion, 
formatting 

Graphs, 
trajectories, 

ordered 
sequences, etc 
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Methodology: Data sources 

Urban Computing Leveraging Location-Based Social Network Data 39:5
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be gathered, mainly, by APIs and Web crawlers.
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ACM Computing Surveys, Vol. 9, No. 4, Article 39. Publication date: March 2017.

To contrast with 
ground truth! 

Histograms, scatter plots…. 
Clustering, classification, 

anomaly detection… 
Mean, standard deviation, 

distribution fitting… 
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Human devices’  
wireless interactions 



Devices’ wireless interactions  
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Social edges 

•  Data Offloading in social mobile networks 
through VIP delegation 
[IEEE DCOSS’11, Ad Hoc Network’13] 

•  Telling apart social and random relationships in 
dynamic networks 
[ACM MSWiM’13, PEVA’15] 

Random edges 

•  Efficient friend-to-friend opportunistic 
content dissemination system 
[IEEE TMC’15, PMC’14, ACM MobiHoc’13] 

Creator!

MSN Service Provider !
(Trusted Cloud Service) !

Consumers!
(Members of MSN)!

2. Shared !
Notification!

1. Shared !
Notification!

(a) Advertising the shared content

Infrastructure !
(Wi-Fi, LTE, 3G) !

4. Opportunistic dissemination (WiFi, Bluetooth)!
3. Infrastructure assisted replication!

Replicator! Replicator!

Creator!

(b) Disseminating the shared content

Figure 5: Hybrid content dissemination with infrastruc-
ture supported replication for MSNs

the shared content using available networking infrastruc-
ture such as WLANs or 3G. Then, these replicators propa-
gate the content to other users in the community using op-
portunistic direct device-to-device communication. How-
ever, the infrastructure usage incurs cost and thus its us-
age need to be minimized. The energy and monetary cost
of networking infrastructure usage to the user vary with
the time and the location of the user. For instance, a 3G
cellular network at night can have a lower energy cost to
the user compared to congested WiFi network [27]. Each
user in the MSN can potentially become a replicator, and
the decision as to which devices become content replica-
tors can be based on the device context information, such
as available network types, the battery level, AC power
availability and the amount of spare storage capacity.

The challenge is to manage the obvious trade-o↵ be-
tween the content delivery performance and overheads of
resource usage due to replication. To manage storage over-
head, traditional cache management techniques, such as
where least used content being deleted regularly, can be
used. Despite that, we need to ensure minimum content
replication to reduce network infrastructure usage. Typi-
cally, the users in MSNs have very little knowledge about
other users in the network. Majority of MSNs are formed
among a set of random users who happen to be at the same
location at the same time. Therefore, in most cases, there
is no history of connectivity patterns to exploit regular be-
havioural patterns to infer future contacts as proposed in
[6, 28]. Furthermore, the centralized replication manage-

ment is limited by the requirement of having an Internet
connection. Thus we propose two simple distributed repli-
cation strategies.

1) Random Replication: is the simplest and does not
require any knowledge of the contact patterns. Replicators
are randomly selected among the users in the MSN. We
consider that the maximum replication is constrained by
�, “Threshold of Replication” and can be determined by
the size (number of users) of the MSN, obtained through
the MSN app.

2) Component Replication: assumes that the cre-
ator has some knowledge of the network Gt=0 at the time
of content creation. This can be obtained through a proto-
col of sharing contact patterns among the users or through
the MSN service. The service provider can maintain a
contact graph for each MSN and update members of the
MSN periodically. Let D be the set of consumers covered
by the creator uc and the replicators R(uc). The creator
identifies disconnected components in the contact graph
as in Figure 4. Then the creator selects one replicator
from each component, as shown in Algorithm 1. To in-
crease the coverage with minimum replication, the creator
greedily selects replicators from largest components until
it reaches the threshold of replication as in step 5 and 6
in Algorithm 1. However, all contact patterns may not be
available to all creators. Therefore, we evaluate the per-
formance of component replication by varying the initial
knowledge at the time of replication selection. Finally, in
Section 5, both replication strategies are compared against
the optimal replication obtained when assuming the per-
fect future knowledge of contact patterns.

Algorithm 1 component-greedy(Gt=0,�, uc)

1. D  R(uc) ;
2. components  components(G)
3. Let a component com(u) be the u’s component
4. D  com(uc)
5. while |R(uc)|  � or D 6= C do

6. Let u 2 (C \ (D [R(uc))) maximizing |com(u)| randomly
7. R(uc) u

8. D  D [ com(u)

9. return R(uc)

4.2. Content Pre-fetching

In opportunistic communication, to take advantage from
maximum possible contacts, the content dissemination has
to start as early as possible, i.e. the earlier we start dissem-
inating the content the better the final coverage. Thus, we
propose to use content pre-fetching to further improve the
opportunistic dissemination. In content pre-fetching, MSN
app installed in the mobile device monitors content shar-
ing notification feeds in the background and start search-
ing for the content in nearby devices immediately after the
shared notification. Content pre-fetching can improve the
user quality of experience (QoE) because the content will
be served instantly from the cache of the device with out
any startup delay and also minimize re-bu↵ering. Since

6



19 

Human interactions: 
Telling apart social from random encounters  

 

P. Olmo V. de Melo, A. C. Viana, M. Fiore, K. Jaffres-Runser, F. Le Mouel, A. A. F. Loureiro. RECAST: Telling Apart Social and 
Random Relationships in Dynamic Networks. ACM MSWiM, Barcelona, Spain, November 2013. One of Awarded Best Papers 
 
P. Olmo V. de Melo, A. C. Viana, M. Fiore, K. Jaffres-Runser, F. Le Mouel, A. A. F. Loureiro, Lavanya Addepallib, and Chen 
Guangshuo. RECAST: Telling Apart Social and Random Relationships in Dynamic Networks. Performance and Evaluation Elsevier 
Journal. Vol. 87, Pages 19-36. May 2015.  
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Real-world mobility scenarios create neither purely regular  

nor purely random connections among  
the entities composing the network 

 
 

 

•  Resulting in mobile networks… 
–  … with a pattern 
–  … with communities naturally formed 
–  … that evolves according to semi-rational decisions of entities  

–  Semi-rational decisions tend to be regular and to repeat 

Classifying wireless interactions 

A"er	4h	 A"er	1	day	 A"er	1	week	
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Random events can not be avoided… 

•  But… 
–  …introduce significant amount of noise in predictable patterns 
–  …make the process of knowledge discovery in datasets a complex 

task 

•  Random relationship classifier strategy (RECAST) 
–  Identify random from social interactions (nodes wireless encounters) 

•  Application scenarios: 
–  Recommendation or targeted marketing systems  
–  Forwarding strategies 
–  Ad-hoc message dissemination schemes (high coverage and limited 

number of messages) 
 

P. Olmo V. de Melo, A. C. Viana, M. Fiore, K. Jaffres-Runser, F. Le Mouel, A. A. F. Loureiro. RECAST: Telling Apart Social and 
Random Relationships in Dynamic Networks. ACM MSWiM, Barcelona, Spain, November 2013. One of Awarded Best Papers 
 
P. Olmo V. de Melo, A. C. Viana, M. Fiore, K. Jaffres-Runser, F. Le Mouel, A. A. F. Loureiro, Lavanya Addepallib, and Chen 
Guangshuo. RECAST: Telling Apart Social and Random Relationships in Dynamic Networks. Performance and Evaluation Elsevier 
Journal. Vol. 87, Pages 19-36. May 2015.  
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Related initiatives 

•  Users classification into social and vagabonds [Zyba et al., Infocom 2011] 

–  regularity of appearance and duration of visits in a given area 
–  only works on a per-individual per-area basis 

	
	

•  Links classification into friends and strangers [Miklas et al., UbiComp 2007] 

–  pairs of users meeting 10 days or more out of 101 days are friends  
–  otherwise are strangers 

•  A.	G.	Miklas	et	al.,	“Exploi:ng	social	interac:ons	in	mobile	systems,”	in	Proc.	of	the	UbiComp	’07.		
•  G.	Zyba	et	al.	“Dissemina:on	in	opportunis:c	mobile	ad-hoc	networks:	The	power	of	the	crowd,”	in	Proc.	of	IEEE	

INFOCOM	2011.	
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Questions to answer/investigate! 

•  Do we want to classify vertex or edges of a graph? 

•  What are the traces to be considered? Are they all similar in terms of 
encounter behavior of users? No, not at all! 

•  Traces are huge having many days of measurement 
•  How to model them? Graph 

•  If we want to identify random encounters, lets compare it with random 
graphs 

•  What would be the encounter behavior to consider?	
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Considered real-world datasets 

•  [30]	T.	Henderson	et	al.	“The	changing	usage	of	a	mature	campus-wide	wireless	network,”	in	Proc.	of	ACM	MobiCom	
2004.		

•  [31]	W.	jen	Hsu	et	al.	“Impact:	Inves:ga:on	of	mobile-user	paRerns	across	university	campuses	using	wlan	trace	
analysis,” CoRR,	vol.	abs/cs/0508009,	2005.	

•  [32]	A.	Rojas	et	al.	“Experimental	valida:on	of	the	random	waypoint	mobility	model	through	a	real	world	mobility	trace	
for	large	geographical	areas,”	in	Proc.	of	the	8th	ACM	MSWiM	2005.	
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Temporal graph generation 

•  Time steps     = 1 day 

•  Time accumulative graph:  
•    
•    
 

•       for     = 1 day and t = 2 weeks 

= 1st day = 2nd day = 4th day = 3rd day 
… 

Difficult	to	extract	
any	knowledge!!	



•  1st step: from                    generates its random version                                     [1]     
•  with the same number of nodes, edges, and empirical degree distribution 
•  assigns edges with probability  

•  the only difference is in the connections among nodes 
¬       : nodes connect in a “semi-rational” way 
¬       : the connections happen in a purely random fashion 

•  2nd step: generates the temporal random version of        :  
•  T-RND algorithm 

•    

Random graphs generation 

[1]	F.	Chung	and	L.	Lu,	“Connected	Components	in	Random	Graphs	with	Given	Expected	Degree	Sequences,” 
Annals	of	Combinatorics.	Nov.	2002.	
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•  Clustering coefficient (cc): probability of two neighbors of a node to 
be directly connected 

•  good metric to differentiate social networks from random networks 
•  when cc G >> cc GR ⇒  (part of) the decisions made by the agent of G 

are non-random 

Comparison with Random Graphs  

Each individual taxi encounters most of the other 
taxis   ⇒  similar to a random network 
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Encounter classification: RECAST strategy 
•  Two main features: 

–  Regularity [2] 

•  Encounters between “friends” repeat often 

–  Similarity [3] 

•  two “friends” share common “friends” 

•  How to represent them mathematically? 
–  Edge persistence 

–  % of times an edge occurred over the past discrete time steps  
–  Topological overlap 

–  Ratio of neighbors shared by two nodes 

[2]	N.	Eagle	et	al.		“From	the	Cover:	Inferring	friendship	network	structure	by	using	mobile	phone	data,” Proceedings	of	the	NaDonal	Academy	of	
Sciences,	Sept.	2009.	
[3]	J.	P.	Onnela	et	al.,	“Structure	and	:e	strengths	in	mobile	communica:on	networks,” Proc.	of	the	NaDonal	Academy	of	Sciences,	May	2007.	
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CCDF: Edge persistence and topology overlap 

Individuals tend to see each other regularly and share common 
neighbors in a way that could not happen randomly 

Encounters and common neighbors 
occur almost in a random fashion 
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RECAST algorithm 
•  For each edge (i,j)  

•  compute per(i,j)  using the event graphs  
•  compute to(i,j) using the aggregated temporal graph  

•  Compare these values with the ones from the random graph 
•  prnd can be seen as the expected classification error percentage  

•  Classify edges into classes of relationships 
 
 
 
 
 
 

3	types	of	social	
rela:onships	
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Snapshots after two weeks of interactions 
Only random Only social 

Friendship edges are in blue 
Bridges edges are in red 
Acquaintance edges are in gray 
Random edges are in orange 

•  Social-edges net.: Complex 
structure of Friendship 
communities, linked to each 
other by Bridges and 
Acquaintanceship 

•  Random-edges net.: No 
structure appears, looking like 
random graphs 
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Cluster coefficient analysis, only Random edges  

Validates	the	efficiency	of	RECAST	classifica:on!	

USC	has	20%	of	chances	of	having	random	triangles	
among	nodes	(topological	overlap)	
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Epidemic dissemination: use only edges of each class 

Training set of 4 weeks 
Test set at the 5th and 6th week 

In Figure 12, we show how much time it was necessary for the mes-
sages to reach their destinations. We grouped together all the routings
from source user i to destination user j by the class of relationship c ∈
{Friend,Bridge,Acquaintance,Random} that i and j share. Then, we cumula-
tively count how many destinations of the class c are reached at each hour, con-
sidering the total number of routings that were performed between sources and
destinations of class c. Observe that the expected time to reach a Random contact
is significantly higher than the time needed to reach a social contact. Moreover,
observe that the majority of the messages sent to Friends arrive in the first hours
for both scenarios. These results may serve to leverage the performance of various
routing solutions for opportunistic networks. If we previously know the class of
relationship the destination share with the source, we also know the chances and
the probable time the message will take to arrive.
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(b) USC

Figure 12: The % of users who were reached over the time.

It is not only the time it takes for a message to arrive at its destination that
is relevant to the design of forwarding solutions for opportunistic networks. An-
other fundamental aspect is the number of hops required to reach the destination.
In Figure 13, we show the cumulative distribution function (CDF) of the path
lengths of messages between users i and j who share a determined class of re-
lationship. Observe that the expected number of hops for a message to arrive at
a Random contact is significantly higher than to arrive at a social contact. For
the USC scenario, 89%, 92% and 81% of the routes to Friend, Bridge and Ac-
quaintance destinations, respectively, have path lengths lower or equal to 3. In
the meanwhile, only 65% of the routes to Random destinations have path lengths
lower or equal to 3. This difference is even more striking for the Dartmouth sce-

26

How the different classes of 
relationships affect the epidemic 
transfer of the message itself? 

If we previously know the class of relationships the src share with the dst, we 
also know the chances and the probable time the msg will take to arrive 
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RECAST outcomes/recommendations 

•  Periodic behavior can explain 50% to 70%s of the human movement 
patterns 

•  But a non-negligible percentage of mobility (about 10% to 30%) is due 
to random relationships 

•  Different mobility traces may have completely different behaviors 
•  Researchers should not generalize their results based on the analysis of 

a single trace 

•  Overall, RECAST classification allows identifying those who share social 
relationships with the sender, whose opportunistic paths are usually short 
and reliable 

•  Intuition: reaching users that share some social relationship is significantly 
easier than attaining users one does not know  
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Human mobility 
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Human mobility: Premise 

36 

•  People are routinary 
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Understanding human mobility 

•  Understanding the ways trajectories are 
performed  

[PMC’16, IEEE Secon’14, IEEE WMNC’14, IEEEE WCNC’14] 

•  Investigating routinary behavior of 
metropolitan drivers  

[ACM MobiWac’16,IEEE TSG’15, IEEE ESCC’14, ACM MSWiM’14, IEEE 
ISCC’14, SocInfo’13] 
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Shortest path 
(Desire paths) 
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To be consistent, study a variety of scenarios  

•  8 cities, 3 continents, and 3 trace sources 

38 

E. Mucceli  A. C. Viana, C. Sarraute, J. Brea, I. Alvarez-Hamelin. On the regularity of human mobility. Pervasive and Mobile computing 
(PMC) Journal, Elsevier, Vol 23, pp. 73-90. December 2016. 
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Common features on people’s mobility 

39 

Repetitiveness 

Confinement Desire-lines 
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Analysis: Confinement 

•  Up to 10 km daily 
•  radius of gyration is higher on weekends than on weekdays  

40 
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Analysis: Confinement 
•  On weekdays, the earliest period of the day 

presents the smallest radius of gyration 
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Figure 6: (Better seen in colors) Radius of gyration for users per (a) period of the day, weekdays (top), and weekends
(bottom), (b) day of the week, (c) for all periods and days, and (d) for all periods and days grouped by final radius of
gyration in Beijing.

Figure 8(a) shows the CDF of the ratio between the original legs length and the shortest path,
by transportation mode and period in Beijing. It shows that the periods from 00:00 to 05:59, from
06:00 to 11:59, from 12:00 to 17:59, and from 18:00 to 23:59 present, respectively, 36%, 62%,530

52% and 74% of the legs measuring, at most, half longer than the shortest path. For all other cities,
the average percentages for the same periods are 44%, 53%, 57%, and 73%, respectively. These
results show that on late night people tend to walk around not directly going to their destination.
Indeed, on late night people tend to go for bars, night clubs and are more susceptible to create
routes that are way longer than the shortest ones. On the other hand, periods representing early535

morning and early night show high percentage of legs closest to the shortest one and describing
how people go directly to their destinations, e. g., work, home, etc. The period containing the
early afternoon hours present an intermediate percentage of legs close to the shortest path. Indeed,
this period mixes people walking around careless about shortest paths (e.g, someone shopping,
or looking for restaurants), and people more concerned about being on time (e.g, people coming540

back to work from lunchtime). Moreover, it is possible to see that the length ratio changes in
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•  Show an upper bound for the movement 
area on each of the groups 

•  Users whose mobility is more confined tend 
to reach the upper boundary of their 
movement proportionally faster than the 
ones who journey over larger areas 
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Analysis: Repetitiveness 

•  Majority is less visited, minority is highly visited   
•  E.g.. less than 1% of antennas present more than 98% of repetitiveness 
•  average repetitiveness difference between weekdays and weekends is 

4.5% 

  

42 
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Analysis: Desire-lines 

•  Regardless of the transportation mode 
•  70% of the trajectories measure at most, half longer the shortest path 

43 
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Data-offloading for protocols and applications 
•  Model interaction between people and urban scenario 
•  Design a traffic model 
•  Best hotspot selection 

Introduction Objectives Proposal Results Conclusions

Choose the best hotspots (1)

Find the set of vertices S that maximizes the metrics with a
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E. Mucceli and A. C. Viana. From routine to network deployment for data offloading in metropolitan areas. IEEE SECON. June. 2014. 
E. Mucceli and A. C. Viana. From routing to better network services (short paper). IEEE WMNC. May 2014.    
E. Mucceli and A. C. Viana. Routine-based network deployment for data offloading in metropolitan areas. IEEE WCNC. April. 2014 
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Offloaded traffic 

•  Up to 20% of offloaded traffic gain 
•  About 24% of hotspot only to offload 70% 

of traffic (52% in Grid-based) 

45 

Introduction Objectives Proposal Results Conclusions

O✏oaded tra�c

Up to 20% of o✏oaded tra�c
gain

About 24% of hotspot only to
o✏oad 70% (52% in
Grid-based) of tra�c

Grid-based approach presents
less hotspots due to one
hotspot per cell limitation

Grid-based (RS) presents
similar results, but would be
more feasible to be deployed
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O✏oaded tra�c

Each period has its own
number of trajectories which
generate a specific amount of
tra�c

44% less hotspots to o✏oad
80% on each period when
compared with the Grid-based
approach
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•  44% less hotspots to offload 80% on each 
period than Grid-Based 
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Outcomes/recommendations 
•  Repetitiveness, confinement, and desire-line are resilient to: 

•  Different cities, Dataset scale, Mobility representation 

•  City-related behavior exists as well 
•  E.g., Visiting time on shop venues 

•  First traffic- and mobile-aware hotspot  
deployment 

•  Still required: 
•  Mobility and traffic demand prediction 
•  More realist traffic consumption modeling  
•  More realistic optimization criteria (monetary cost of installation, 

losses) 

 

City Weekdays Weekends 

Paris 404 min 137 min 

Beijing 87 min 323 min 
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Human demand 
for content 



8 Research centers/ 5 Antennas 
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Centres 
Antennes 

Saclay 
Île-de-France 

Rennes 
Bretagne Atlantique 

Bordeaux 
Sud-Ouest 

Lille 
Nord Europe 

Paris 

Nancy 
Grand est 

Grenoble 
Rhône-Alpes 

Sophia Antipolis 
Méditerranée 

Nantes 

Pau 

Montpellier 

Lyon 

Strasbourg 
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INRIA Saclay – Ile 
de France Home (of my  

dream of course!!) 
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Human content demands: Introduction 

•  Little is still publicly known on data traffic demand 
•  Most studies analyze voice calls and SMSs 

•  ….are sparse in time and do not describe background traffic 

•  Positive outcomes on content demand understanding 
•  Improve quality of communication service provided 
•  Better deploy data offloading hotspots 
•  Better plan and test network resource allocation 
•  Better set subscription plans 
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Human content demands: Challenge 

•  High heterogeneity 
•  29kB versus 625GB per day 
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Human content demands: Profiling 

•  Heterogeneity solved with a fixed number of profiles 

•  Volume of traffic (traffic demand) and number of sessions (activity 
behavior) 

•  High data-wise similarity of traffic parameters 
•  1day, 1,5 million subscribers 

E. Mucceli  A. C. Viana, K. P. Naveen, and C. Sarraute. Mobile Data Traffic Modeling: Revealing Temporal Facets. Computer Network 
Elsevier journal. Vol 112, Pages 176-193, January 2017. 
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Subscribers profiling: volume of traffic 

Similarity computation 
(Euclidean distance) 
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Subscribers profiling: number of sessions 

Similarity computation 
(Euclidean distance) 
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Subscribers Profiles 
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Synthetic traffic generator 

•  Fit traffic parameters for each profile in peak and not-peak 
•  Kolmogorov-Smirnov statistic test (for continuous values: volume, IAT) 
•  Chi-squared statistic test (for discrete values: #sessions) 

HF users in peak hours 

Vol. of traffic 

Nb. of sessions 

IAT 
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Synthetic traffic: evaluation  

•  Volume of traffic on the original and 
synthetic trace for a day 

•  Almost complete overlap of the two 
CDFs 

•  High similarity between both traces 
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Synthetic traffic: evaluation  

 
•  Calculate the distance between 

distributions of: 
•  (A) original vs synthetic day (      ) 
•  (B) original vs remaining days in the 

original trace (       ) 

•  For each dist., (A) is within the conf. 
interval (95%) of (B) 
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Last remarks 

•  Profiling routinary traffic behavior of mobile subscribers 
•  6 profiles describing traffic demands and activity behavior 
•  In 2 types of hours 

•  Synthetic mobile data traffic generator able to consistently imitate 
original daily traffic while preserving users privacy 

•  Remarks: 
•  Nb. of sessions and IAT negative correlation: More sessions a user generates, 

the shorter they need to be to fit in a slot t 
•  Vol. of traffic and session duration relation in occasional profile: high 

volumes demand high duration to accommodate traffic 

Available at: http://macaco.inria.fr/software/ 

Traffic generator available at: http://macaco.inria.fr/software/ 
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What is on-going? 
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Leveraging together: human mobility, context,  
content demand 

 
•  How to manage network resources under heterogeneity and 

uncertainty? 

•  3R: How to bring the right information to the right person/place at the 
right time? 

•  Can we predict mobility based on short-history? 
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Getting Big Data under control 

Can human mobility be sampled at reduced 
frequencies while minimizing the loss of 

information? 

0:2 • P.Katsikouli et al.

(a) User A (b) User B (c) User C

Fig. 1: Heatmaps of locations visited by three distinct users during three weeks: humans tend to commute between a limited
set of specific locations. Figure best seen in color.

(a) User A (b) User B (c) User C

Fig. 2: Location time series for three distinct users during three weeks: humans tend to revisit locations in a periodic fashion.
The visited locations here are mapped to a unidimensional space through discretization on a regular grid with step 50 meters
and assignment of a unique sequential identifier.

Fig. 3: Toy example of individual mobility trajectory. Labels denote important locations or turning points. The size of the circle
around each location is proportional to the amount of time spent there by the target user.

the sequence of home, turning junctions B and C, and take-away locations: map-matching based on these
cardinal points would allow describing the whole movement. However, individuals visit places for a purpose,
carrying out activities that have di↵erent duration. For instance, in our example, the size of the circle around
each location is proportional to the amount of time spent there. Our purpose is then to recreate the complete
original mobility of the individual, including these temporal features.

PACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 0, No. 0, Article 0, Publication date: 2017.
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Practical contexts: 
•  Energy-efficient mobile computing 

•  Helps battery! 
•  Location-based service operation 

with reduced privacy concerns 
•  Helps privacy! 

•  Trajectory data compression 
•  Helps memory! 
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Retrospective vs. prospective 
Re

tr
o

sp
e

c
tiv

e
 

Pr
o

sp
e

c
tiv

e
 

•  “Network and apps” arrive at our home but were impersonalized  
•  To reach as many as possible; to be largely used;  
•  to generate “the wish to use” or “to demand”  

•  “Network and apps” arrive at our pockets and get personalized 
•  Take profit of brain available time  
•  Have smarter services and applications  
•  The mass was seduced! Communication issues were raised! 

•  Adding perceptive senses to the network 
•  Assigning networks with the human like capabilities of... 

•  ... to daily life features and involved entities 



To identify and to bring human’s behavioral signals from  
natural/societal research to networking practice 

 

 
 

 
 
 

“The answer to the question “what is next?” lies in elucidating the “Think 
smart: devices, environment, and experiences” factor.  

 
For this, the “coupling connected people and things” becomes an essential 

part” 
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Source: Cisco 


