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Context	
Mobile	networking	meets	data	analy#cs	
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Context	

[1]	Cisco	VNI	Forecast,	Global	Mobile	Data	Traffic	Forecast	Update	2016–2021	

[2]	EC	H2020	5G	Infrastructure	PPP.	Pre-structuring	Model,	version	2.0.	2014	

[3]	R.W.	Thomas,	L.A.	DaSilva,	A.B.	MacKenzie.	IEEE	DySPAN	2005		

A.	increasing	capacity	
new	spectrum,	waveforms,	MIMO,	
mul5-RAT,	denser	deployment,	D2D	

B.	be1er	managing	capacity	
dynamic	resource	(re)configura5on	paradigms:	
CR,	C-RAN,	MEC,	SDN,	NFV,	network	slicing	

•  High	expecta@ons	for	5G	(&	beyond)	networks	
–  Accommodate	7-fold	mobile	traffic	growth	by	2021	[1]	

–  Orders-of-magnitude	performance	upgrade	over	LTE	[2]	

•  1,000	@mes	capacity	per	unit	area,	100	@mes	connected	devices		

•  5G	will	feature	[2]	cogni@ve	network	management	[3]	

data	analy>cs	
self-organizing	networking	 machine	learning	an>cipatory	networking	
“ “ 

A	cogni>ve	network	has	a	cogni5ve	process	that	can	perceive	current	network	condi5ons,	
and	 then	 plan,	 decide	 and	 act	 on	 those	 condi5ons.	 The	 network	 can	 learn	 from	 these	
adapta5ons	and	use	them	to	make	future	decisions	

talk	focus	
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Context	

[4]	H.	Assem,	T.	Sandra	Buda,	L.	Xu,	H2020	5G-PPP	CogNet,	Deliverable	D2.1,	2015	

[5]	K.	Zheng,	Z.	Yang,	K.	Zhang,	P.	Chatzimisios,	K.	Yang,	W.	Xiang,	IEEE	Network,	30(1),	2016	

4 

•  Classifica@on	of	mobile	traffic	demands	

•  Two	orthogonal	perspec@ves	
–  mobile	traffic	is	a	spa>otemporal	phenomenon	

	

–  required	inputs	for	cogni#ve	networking,	via	network-wide	
resource	orchestra#on	in,	e.g.,	C-RAN,	MEC	[4,5]			

1.	spa>al	classifica>on	
at	which	loca>ons	does	mobile	
traffic	follow	comparable	5me	
dynamics?	

2.	temporal	classifica>on	
during	which	>me	periods	does	
mobile	traffic	show	similar	
geographical	distribu5ons?	

“ 

“ 

iden5fying	network-wide	profiles	of	mobile	traffic	

unveil	locality	of	traffic	fluctua#ons	 expose	long->mescale	dynamics	

talk	
topic	
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Spa@al	classifica@on	
A	geography	of	mobile	network	demands	

2	
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Methodology	

6 
[6]	R.	Keralapura	et	al.,	ACM	MobiCom	2010;	[7]	M.Z.	Shafiq	et	al.,	ACM	SIGMETRICS	2011	

“ “ 

At	 which	 loca>ons	 (in	 a	 target	 geographical	 area)	
does	mobile	traffic	follow	similar	dynamics?	How	do	
such	dynamics	look	like?	And	what	induces	them?	

1.	Mobile	traffic	signature	

at	one	loca#on	
	

•  metric	

•  temporal	

							support	

•  (filtering)	

•  normaliza#on	

2.	Pairwise	signature	

distance	measure	

3.	Signature	clustering	

algorithm	
aggregate	mobile	
traffic	volume	
one	week	[6,7]	

none	 median	
hourly	
volume	standard	score	

agglomera5ve	
hierarchical	clustering	

linkage	with	average	
distance	–	UPGMA	

minimum	skewness	
stopping	rule		

correla>on-based	distance	
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Case	study	

7 

•  Real-world	mobile	network	traffic	datasets	

–  Orange	2014-15	[6	main	ci#es	in	France,	4	months,	antenna	cells]	

–  TIM	BDC	2013-15	[4	main	ci#es	in	Italy,	2	months,	grid]	

ci@es	

profiles	[30	out	of	100’s,	cover	75%-90%	of	space]	

different	baseline	
mobile	traffic	

demand	across	
(culturally	similar)	

countries	

residen@al-area	
signature	in	Italy	
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residen@al-area	
signature	in	France	

Milan	

residen@al-area	
signature	in													.	

residen@al-area	
signature	in								.	



Case	study	

8 

ci@es	

profiles	[30	out	of	100’s,	cover	75%-90%	of	space]	

1.	morning	peak	
	

2.	high	workday	
					to	weekend	
					ra5o	

typical	(country-independent)	office-area	signature	

Turin,	Italy	

Milan,	Italy	

1	
2	
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Case	study	

9 

ci@es	

profiles	[30	out	of	100’s,	cover	75%-90%	of	space]	

metro	sta@on	signature	

1	

train	sta@on	
signature	

2	

1.	AM-PM		
					commu5ng		
					behavior	
2.	mostly	PM		
					commu5ng	

French	mall	signature	

Lyon	
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Paris	



Land	use	detec@on	
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[8]	V.	Soto	et	al.,	ACM	HotPlanet	2011;	[9]	B.	Cici	et	al.,	ACM	MobiHoc	2015	

[10]	S.	Grauwin	et	al.,	Geotechnologies	and	the	Environment	2015	

[11]	A.	Furno	et	al.,	IEEE	Transac#ons	on	Mobile	Compu#ng	2017	

Milan	 Turin	

f-score	
coverage		
and	entropy	

land	use	
cartographies	

provided	by	
municipali5es	

•  Dual	use	of	the	methodology	in	geoinforma@cs	

–  Complement	tradi#onal	land	use	mapmaking	

•  census	data,	surveys,	satellite	imagery,	points-of-interest	

–  Several	strategies[8-11]	evaluated	against	ground	truth	
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An	alterna@ve	approach	
Spa#al	classifica#on	with	EFA	

3	
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Methodology	

12 

•  Exploratory	Factor	Analysis	(EFA)	

	

	

•  EFA	solu@on	

–  by	analyzing	variable	observa#ons	from	a	set	of	samples,	

EFA	iden>fies	common/unique	factors,	and	loadings	[6]	

Nx1	vector	of	
variables,	i.e.,	
phenomena	of	
interest	

Kx1	vector	of	common	factors,	i.e.,	a	small	number	
(K<<N)	of	complex	rela#onships	among	variables	

NxK	matrix	of	unknown	loadings	
that	describe	how	important	is	
each	factor	to	every	variable	

Nx1	vector	of	
unknown	unique	
factors	that	are	

specific	to	a	single	
variable	

inter-related	by	

interpreted	
through	

[6]	S.A.	Mulaik,	Founda#ons	of	Factor	Analysis,	CRC	Press,	2009	
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Methodology	

13 

variable	

sample	

common	factors	 loadings	
0.6 

0.1 

0.2 

0.0 
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Case	study	

Subway	sta>ons	

Railway	sta>ons	
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•  Orange	2014-15	[Paris,	France,	4	months,	antenna	cells]	

–  14	EFA	factors	are	iden#fied	

•  14	factors	versus	hundreds	of	clusters		
•  mul#ple	signature	clusters	just	capture	

different	intensi>es	of	a	same	phenomenon	
•  many	clusters	are	unique	factors	
•  traffic	demands	are	in	fact	a	mixture	of						

actual	common	factors	

EFA	–	cells	with	high	
rela5ve	loading	on	a	
specific	factor	

Hierarchical	
clustering	–	cells	
in	a	same	(set	of)	
clusters	

Office	areas	

Residen>al	 Office	

Short	commu>ng	

mixed	land	use	detec>on	



Temporal	classifica@on	
Circadian	rhythms	in	mobile	network	ac#vity	

3	
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Methodology	

16 

sample	

common	
factors	

loadings	

0.8 
0.0 

0.1 
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“ “ 

At	which	>me	instants	 (during	a	typical	week)	does	
mobile	traffic	show	comparable	dynamics?	When	do	
unexpected	behaviors	emerge?	And	why?	

variable	



Case	study	
•  TIM	BDC	2013	[Milan,	Italy,	2	months,	grid]	

–  6	EFA	factors	are	iden#fied	
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Night	
Evenings	and				

weekend	mornings	

Commu>ng?	



Case	studies	

•  EFA	returns	scores	
1.	scores	show	in	which	areas	each																																																																				
factor	best	characterizes	the	demand	

18 

Mercato
Università

Politecnico

Bocconi
Cattolica

downtown
Milan

Centro Direzionale

Bicocca

Lodi
Quadrilatero

Duomo

Portello

Bonola

Metropoli

Work	hours	

Weekend	
aXernoons	

downtown,	universi5es,	
commercial	areas	

touris5c,	
shopping,	and	
entertainment	
areas	

Stadera
Ortles

Quadrilatero

RoveretoMaciachiniBuonarroti

Night	

ill-famed	neighborhoods	
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Case	studies	
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Navigli

Sempione

BreraGaribaldi
Certosa

Garibaldi Centrale

Lambrate

Mercato
Porta Romana

Cadorna

Commu>ng	

Coffee	and	
aperi>f	areas	

actual	commu5ng	areas,	train	
sta5ons,	suburbs,	beltway	

popular	
places	where	
people	relax	
before	and	
aUer	work	
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Commu>ng?	

•  EFA	returns	scores	
2.	scores	help	disambigua>ng	among																																																														

apparently	similar	temporal	profiles	



Outlook	
Conclusions	and	perspec#ves	
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•  Contribu@ons	
–  Tools	to	profile/understand	typical	mobile	network	usages	

•  over	space	and	@me	

•  Perspec@ves	
–  Plenty	of	space	for	research	

•  Data	level	
–  per-mobile	service	data	collected	through	deep	packet	inspec#on	(DPI)	by	

dedicated	probes	at	GGSN/PGW	

–  fine-grained	end	terminal	posi#oning	data	from	control	collected	at	RNC/eNodeB	

–  merged	fine-grained	per-mobile	service	data	from	the	sources	above	

•  Algorithmic	level	
–  alterna>ve	/	more	effec>ve	approaches	to	spa#otemporal	classifica#on	

–  on-line	opera#on	on	streaming	data	

–  privacy-by-design	mobile	traffic	classifica#on	
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•  Applica@ons	
–  A	first	step	towards	analy#cs	for	cogni>ve	mobile	networks	

•  centralized	orchestra@on	mechanisms	(e.g.,	in	5GPPP	pre-structuring	
model)	need	to	be	fed	with	knowledge	of	mobile	traffic	dynamics	

•  macroscopic	spa#otemporal	profiles	outline	a	(limited)	number	of	

network-wide	configura@ons	for	long-#mescale	control	opera#ons[9]	
–  C-RAN	planning	and	op#miza#on;	spectrum	assignment;	centralized	RAT	

selec#on;	load	balancing	or	traffic	engineering	in	the	CN;	network	resource	de-	

and	re-alloca#on;	base	sta#on	switch	on/off;	dynamic	pricing	

•  need	for	integra#on	with	new	network	technologies/paradigms	

–  C-RAN	resource	alloca#on;	cloudlet	deployment;	network	slicing	

–  Results	are	also	relevant	to	other	disciplines	
•  Geoinforma#cs,	sociology,	demographics,	urban	planning,	etc.		

	

[9]	T.	Chen	et	al.,	IEEE	Comm.	Mag.,	2015	
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