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•  Tranporta@on	systems	and	mobility	
(reminder)	

•  Digital	revolu@on	and	mobility	
– From	the	users	perspec@ve	
– From	the	actors	perspec@ve	

•  Big	data	in	the	web	and	transporta@on	
•  Algorithms	for	big	data	

– Predic@ve	models	
•  Conclusion	



Networks	as	macro	technical	systems		
•  Interconnec@on	

–  physical	
–  Flow	:	persons,	goods,	energy,	informa@on	

•  Intermedia@on	
–  market/economy.	Linking	consumers	and	suppliers	of	
goods	and	services.	

•  Three	layers	
–  low:	infrastructure	:	laRce	plus	hierarchy	
–  medium	:	infostructure	:	control-command	devices	
–  high	:	final	services	to	consumers	

•  Three	components	
–  Sensors	
–  Communica@ons	
–  Big	data	



Transporta@on	networks	

•  Rail	and	air	transport	yes	
–  train	=	first	physical	ar@ficial	space	coupled	with	
an	informa@on	system	,	the	telegraph.		

– plane	(heavier	than	air)	under		control	because	of	
radar	(from	the	2nd	world	world),	wins	the	
compe@@on	over	the	airship	(lighter	than	air)	

•  Road,	waterways	and	sea	transport	half-half	
Motorways	yes.	BRT	too	



What	is	spa@al	mobility	?	
	

•  Urban,	persons/goods	
•  Daily	,	ac@vi@es,	trips,	modes		



•  Travels	as	an	expression	of	spa@ally	anchored	
lifestyles	(S.	Carpen@er)	

•  Coupling		Home/transport	

Les	mobilités	quo@diennes:	
représenta@ons	et	pra@ques.	Vers	
l’iden@té	de	déplacement	(2007)	
	

Territorial	anchoring	



Socio-economical	anchoring	

Sempé	



Social	anchoring	



Trajectories	and	traffic	flow	theories	

•  Eulerian	representa@on	of	the	flow		by	func@on:		
–  Fluid	=	speed	V(x,t)	
–  Coun@ng	vehicles	and	users	at	sites	

•  Lagrangian	representa@on	of	the	flow	by	
individual	par@cles	
–  Par@cle	=	vehicle	posi@on	(x,y,z,t)		con@nuous/
discon@nuous	(sampling)	

–  Tracking	of	vehicles/users	on	the	network	



Urban	mobility	
paeerns	

Universal	laws	
Schneider CM, Belik V,	Couronne	T, 

Smoreda Z, Gonzalez MC. 2013	
Unravelling daily human mobility 
motifs. J R	Soc Interface 10: 
20130246.	
http://dx.doi.org/10.1098/rsif.
2013.0246	

•  Noulas	A,	Scellato	S,	Lambioee	R,	
Pon@l	M,	Mascolo	C	(2012)	A	Tale	
of	Many	Ci@es:	Universal	Paeerns	
in	Human	Urban	Mobility.	PLoS	
ONE	7(5):	e37027.	doi:10.1371/
journal.pone.0037027	



•  Number	of	places	visited	
•  Time	spent	(Travel	Time	budget	constant)	
•  Zahavi,	Y.,	The	TT-rela@onship:	A	Unified	Approach	to	Transporta@on	Planning.	

Traffic	Engineering	and	Control,	pp.	205-212,	1973.		
•  Kölbl,	R.	&	Helbing,	D.,	Energy	laws	in	human	travel	behaviour.	New	Journal	of	

Physics,	5,	pp	48.1–48.12,	2003.		

	
	
	

•  Distance	per	trip		
Unimodal	

Quan@fied	traveller		
Jariyasunant,	J.,	Abou-Zeid,	M.,	Carrel,	A.,	Ekambaram,	V.,	
Gaker,	D.,	Sen-	gupta,	R.,	and	Walker,	J.	L.	(2013).	Quan@fied	
traveler:	Travel	feedback	meets	the	cloud	to	change	behavior.	
Journal	of	Intelligent	Transporta3on	Systems,	published	online	
31/10/13.	DOI:10.1080/15472450.2013.856714	

	



Digital	Revolu-on	and	Mobility	
•  Intelligent	transport	systems	and	smart	mobility	
•  Digital	and	smart	ci@zens	and	consumers,	User	
centric	Apps	on	smartphones	(GPS+accelerometer)	
– Quan@fied	self	mobility	
–  Crowdsensing	mobility	(provider)	
–  Platorms	:	carsharing,	…	(co-producer)	

•  Digital	and	mobility	actors	:	
–  equipment	of	transporta@on	places	and	vehicles,	in	smart	
ci@es	(Site	centric)	

•  Sta@ons	(@cke@ng)	,	connected	vehicles,	cars,	….	
–  Beeer	knowledge	of	behaviors	than	individuals	
–  Beeer	planifica@on	of	mobility	(less	expensive,	more	
energy	efficient,reliable,	shorter	than	«	go	faster	»	)	

– Mul@modality,	regula@on	



Quan@fied	traveller	

•  Moves	=	ac@vity	diary	



From	individual	to	collec@ve	mobility	
Condi@ons	for	change	

•  Homo	economicus/homo	socialis	
•  Changing	the	frame,	the	representa@on	
•  Measuring	collec@ve	value	created	
•  From	quan@fied	self	to	quan@fied	commons	
•  Small	worlds	or	commun@es	
•  Finding	the	good	incen@ves	

•  Alain	Rallet	(Université	paris	Sud),	Jean	Marc	
Josset	(Orange	labs)	



Mobile	Crowdsensing	and	transporta@on	

•  Community	(Tranquilien)	

•  Privacy	protec@on	and	geo-localisa@on	



•  Waze	

•  Mo@va@ons	for	par@cipa@on	(sharing)	
•  Cri@cal	mass	
•  (semi)-trust	



•  Speed	cameras	Alert	and	more	
•  Coyoee	and	co	(driving	asssitant)	(Pauzié)	



Tweets	on	transporta@on	
	•  Expressive	data	on	the	web	

•  Signals	without	context	except	@me	and	
geolocalisa@on;	mime@sm	and	contagion	
– Microblogging		,	text	(ungramma@cal).	Content	about	real	
world	events	

•  Incidents		(Normal,	degraded,	perturbed	situa@ons)	in	
transporta@on	system	

•  Traveller’s	opinions	
•  Informa@on	on	journey	needs	

•  Mining	of	tweets	(Topic	detec@on	and	tracking)	(Gal-
Tzur)	

•  Opinion	mining	and	sen@ment	analysis	



Problems	
•  Monotonous	and	repe@@ve	quan@fied	self	
•  Communica@on	and	energy	consump@on	(baeery)	
•  Trivial	generality	or	oriented	opinion	with	tweets	(+	
biaised)	

•  Who	is	the	(co-)	owner	of	the	data	footprints?	
	
•  Privacy	:	both	desires	:exposed	and	protected	
•  Illusion	of	trade-off	between	security/privacy	and	
service	effec@veness	
–  Rather	asymetry	of	informa@on	and		absence	of	
alterna@ve	

–  No	possibility	ex	ante	to	control,	rather	ex	post	control	of	
algorithms	



Actors	of	the	urban	transporta@on	
(eco)systems	

•  State	and	government	(transporta@on	laws)	
•  Local	authori@es	,	Network	authori@es,	Transit	authori@es	(regulator,	

operator),	Mobility	authori@es	
•  Public	and	private	transport	operators	

–  Bus,	train,	metro,	tram	+	sta@ons		
–  Taxi,	VTC,	shuele	(van,	car,	two-wheeler,	three-wheeler)	

•  Car	rental	companies,	autoshare	bicycleshare	companies	(services)	
•  Carsharing	platorms	
•  Telephone	operators,	Google	and	co.,	…	(Mul@modal	Informa@on	system)	
•  Households	and	individuals	(consumer,	user,	ci@zen)	
•  Social	networks	
•  Mobility	generators	(companies,	schools,	hypermarkets,	fes@vals,	…)	



Informa@on	and	transporta@on	
•  BtoC		oriented	
•  Real	@me	
•  Mul@	sensors	
•  Mul@media	

•  Ticke@ng	
•  Automa@c	coun@ng		

–  Sensors	and	cameras	
•  Tracking	

–  GPS	
– Mobile	phone	



Hyperconnected	
Consumer	
From	Orange	Labs	



Regula@on	and	op@misa@on	
and	safety	

•  Buses	
– Headways	and	bus	bunching	
–  Trade-off:	Reliability	and	travel	@me	

•  Trains	and	metros	
–  (Re)Scheduling	

•  Lorries	and	cars	
– Autonomous	vehicle	with	sensors	:	lidar,	radar,	
cameras,	…	

– Naturalis@c	driving	or	drowning	by	numbers	
•  Hundreds	of	signals	of	all	nature	
•  From	incidents	to	accidents	(triggering)	



Stability	of	dynamic	systems	

Linear	stability	analysis	of	first-order	delayed	car-following	models	on	a	ring	
Antoine	Tordeux,	Michel	Roussignol,	and	Sylvain	Lassarre	
Phys.	Rev.	E	86,	036207	–	Published	12	September	2012	



Problems	about	automa@on	

•  Algorithms		for	solving	driving	tasks	?	In	
everyday	situa@ons	
– Telsa	fatal	accident	

•  Security	(malveillance,	aeack)		
– Protec@on	of	communica@on	(cryptage)	
– Control	at	distance	by	hackers		



Another	revolu@on	



•  Big	Data	appears	for	the	first	@me	1997:	
–Cox	&	Ellsworth	(NASA)	«Managing	Big	Data	for	
Visualisa@on»	ACM	SIGGRAPH	'97	

•  Data	Science	is	much	older	
–P.	Naur	1960	
–IFCS	(Kobe,	1996)"Data	Science,	classifica@on,	and	
related	methods“	

–Journal	of	Data	Science	since	2003		



	
•  Origin:	

Data	from	web,	social	networks	
Connected	objects	

•  Volume	
•  Velocity	(peak)	

•  Variety:	numerical,	categorical	data	,	graphs	
(social	networks),	texts,	videos,	etc.	

•  Not	structured,	without	context,	very	noisy	



Big	Data	
•  Supply	:	network,	@metables	(open	data)	
•  Demand	:	storyboard,	GPS,	traces	,	footprints	

– vehicle	(car,	bus,	…),		
–  individual	:	smartphone,	phone,	@cke@ng,	tweet	



CLAIRE-SITI	:	A	reference	system	for	
intermodality	

•  A	GENERIC	MULTIMODAL	DATA	MODEL	
•  Any	type	of	network	(road,	public	transport,	alterna@ve	modes)	
•  Any	type	of	indicator	(conges@on,	@me	adherence,	regularity,	
availability,	reliability,	sustainability)	

•  Any	type	of	event	

•  AN	ANALYSIS	ENGINE	WITH	FUNCTIONS		
•  observatory,		
•  monitoring,		
•  diagnosis,		
•  decision/opera@on	ac@on	

•  A	TOOL	THAT	
•  Support	the	development	of	public	policies	for	a	sustainable	mobility	
•  Can	be	integrated	in	service	and	industrial	chains	
•  Enhance	research	on	Intermodality	

	

CLAIRE	
SITI	

Transport	authori@es	

Operators	 Services	

08/11/2012	 ClaireSITI	Mul@modal	Intelligent	Decision	system	
for	an	integrated	management	of	surface	transport	network	



Generic	Model	
Logical		mul@-level	network	

Hierarchical	network	graph	

Interac@on	graph	
	

Resources	&	Trip	units	

Planning	

Representa@on	space	

Topological	and	geographical	
forms	(SIG)	

Indicators		

Events	

Label	

Normalisation CEE : 
TRANSMODEL, TRIDENT, 
SIRI, IFOPT 

Normalisation CEE 

DATEX, INSPIRE 
(conceptual spatial 
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LOGIC Variables 

Adherence Arrival time, Delay 

Regularity Waiting time, Frequency 

Reliability Commercial speed 

Demand Load 
Ressources Driver break and relief, vehicle 

speed, 

Transfert Transfer time 

Traffic Flow, Occupancy, Speed 

Sustainability Carbon Monoxyde, Hydorcarbon 
Pollutants 

Mul@-criteria	:	Indicators	&	supervised	variables	

Indicator 

Theoritical 
Variable 

Real Variable 

Predicted Variable 

Supervised variables 
State: normal, abnormal, 
unknown 

Entity 

Arc Network Resource Trip unit 

Label 

Node 

Level		of		Service	(LoS)	



Event	modeling	

Event 
Trafic PC operator 

Accident 

Event 
Expert-Diagnosis 

Congestion 

Event 
Expert-diagnosis 

Delays at stop 

Event 
Police operator 
Lane closure 

Event-control 
action 

Expert-decision 
Favoring re-routing 

path 

Event-control action 
Bus operator 

Bus line deviation 

Event-
Intervention 
PC-Operator 
Emergency 

vehicle 

Event(type, sub_type, author, Causes, Effects, start-time, 
end-time, From, To, ….) 



BATERI	:	Cer@fica@on	des	Données	des	SI	
dans	le	transport	

	

SINERGIT	:	nouveaux	services	d’informa@on	fondées	
sur	les	mobiles	et	les	GPS	

P@ss-ITS	:	serveur	d’informa@on	mul@modale		
en	condi@ons	perturbées	
	

	
Instant	mobility	:	Mul@modal	Mul@-
agents	simula@on	SM4T)	

	
NAVITRANSPORTS	:	ou@l	mobile	de	
naviga@on	dans	le	TC	

	
CLAIRE-SITI	:	supervision	et	décision	
mul@critère	

	
CLAIRE-SITI	:	Observatoire	pour	le	suivi	de	la	
qualité	de	service	



Mul@modal	Dynamic	web	map	



Four	families	of	digital	informa@on	and	computa@on	

Posi-on	toward	
the	web	

Aside	 Above	 Into	 Under	

Data	 Views	 Links	
(documents)	

Likes	 Footprints	

Popula@on	 Representa@v
e	
sample	

Communi@es,	
vote	

Social	
network	

Individulal	
behaviors	

Computa@on	 Vote	by	clicks	
User	centric	
Site	centric	

Meritocra@c		
ranking	

Benchmark	 Machine	
learning	

Principle	for	
algorithm	

Popularity	 Authority	
(in	the	web	
network)	
Counterstrategy	

Reputa-on	
(Knowhow)	

Predic-on	
	
Big	data	

Dominique	Cardon	(2016)	A	quoi	rêvent	les	algorithmes.	Seuil.	



Big	Data	Analy-cs	
	

•  Exploratory	or	unsupervised	
–	Factorial	analysis,	k-means	
–	Associa@on	rules	

•  Predic@ve	or	supervised	
–	Regression	models,	with	regularisa@on,	trees	..	
–	Black	box	models	(neuronal	network,	Support	
Vector	Machine,	..)		





A	new	vision	of	«models»		
	

•  Classical	vision	:	models	to	understand	
–Provide	some	understanding	of	the	data	and	the	
mechanism	that	generated	them	through	a	sparse	
representa@on	of	a	random	phenomenon.	Usually	
requires	the	help	of	a	sta@s@cian	and	a	domain	
expert.	Genera-ve	model	

–a	model	must	be	simple,	and	its	parameters	
interpretable	rela@ve	to	the	domain	of	applica@on:	
elas@city,	odds	ra@o,	etc.	

–	Find	general	paeerns	linked	to	important	explanatory	
variables	(social	capital)	

–	Econometric	models	
	



Prédire	n’est	pas	expliquer	
René	Thom	ESHEL	(1991)	

•  Vision	«Big	Data	Analy@cs»:	predic-ve	model	
–	look	for	regulari@es	(Habitus)	with	few	hypothesis	
–predic@ve	capacity	on	new	observa@ons	:«generalisa@on	»	
–different		from	goodness	of	fit	to	data	(predict	the	past)	

•  A	very	accurate	model	of	the	data	behaves	unsteadily	on	new	data:	
the	phenomenon	of	overtraining	or	overfiRng	

•  A	very	robust	model	(rigid)	does	not	give	a	good	fit	to	the	data	
–models	from	data	(«data	driven»);	In	Data	Mining	and	Machine	

learning	a	model	is	nothing	more	than	an	algorithm	
–		set	of	con@ngent	micro-theories	for	probable	behavior	
–		support	conformism	(dividu	Deleuze	no	history	no	representa@on)	
	

The	model	is	no	more	an	input	for	the	computa-on,	but	an	output.	



Extrac@on	of	passenger	travel	paeerns	:	
passengers	with	similar	transport	habits	

•  Observed	variables	
D	:	day	of	the	week	the	trip	was	made	
X	:	trips	3me	generated	using	a	normal	
distribu@on	

•  Latent	variables	
Z1	:	Passenger	membership	to	one	of	
the	K	clusters	

Z2	:	Trip	membership	to	one	of	the	
gaussians	describing	the	temporal	
ac@vity	of	the	cluster	(distribu@on	
of	the	trip	hours	made	by	the	
passengers	belonging	to	a	given	
cluster	is	modeled	by	a	mixture	of	
gaussians)	

Source	:	Ticke@ng	
Card	number,	day,	@me	
(hour)	



Mobility	paeerns	

Probability	density	to	be	in	the	public	transporta@on	system	





Cluster	change	Quebec	Public	
transport	



•  «New»	models	from	Machine	Learning	
–Neuronal	networks	and	deep	learning	
–SVM	(Support	Vector	Machine)	
–Associa@on	rules	and	reputa@on	systems	(eg	Amazon)	
–Random	forests	(decision	trees	combina@on)	
–Stacking	and	meta-models	

•  The	«feature	engineering»		
– A	feature	is	a	piece	of	informa@on	that	might	be	
useful	for	predic@on.	Any	aeribute	could	be	a	feature,	
as	long	as	it	is	useful	to	the	model.	



Complexity	and	trade_off	bias/variance	
	

•  Learning	theory	by		Vapnik		(VC	dimension)	
•  Consistence	if	convergence	between	
generalisa@on	error	and	learning	error.		

•  Beyond	AIC	(Akaike	informa@on	criterion)	and	
BIC	(Bayesian	informa@on	criterion)	



Agrega-on	of	models	
	

•  Why	choosing	between	models?	
•  Set	methods	:	combine	the	predic@ons	of	
different	models	

•  Stacking		
–	Linear	combinaison	of	m	prédic@ons	obtained	by	
differents	models	

–First	idea	:	linear	regression	
•	Foster	the	most	complex	models:	overfiRng	

	



•  Solu@on:	use	the	predicted	values	without	one	unit	i	
•  Améliora@ons:	
•  –Linear	Combinaisons	with	posi@ve	coefficients	(sum	
equal	1)	

•  –Régression	PLS	or	other	regularising		method	because	
the	m	predic@ons	are	very	correlated	

•  Advantages	
–Beeer	predic@on	than	with	the	best	model	
–Possibility	of	mixing		models	of	different	natures:	trees	,	
ppv,	neural	networks	etc.		



The	valida@on		problem	
	

•  Need	to	matchMachine	Learning	and	sta@s@cs	
–A	good	model	is	one	which	predicts	well	
–Difference	between	goodness	of	fit	and	predic@on	
–Three	samples	to	choose	among	models	for	
learning,	tes@ng	and		valida@on		



	
	

•  Learning:	to	es@mate	the	parameters	of	models	
•  Test	:	to	choose	the	best	model	

–Rees@ma@on	of	the	final	model	:	with	all	available	
data	

•  Valida@on	:to	es@mate	the	performance	on	
future	data	
–Es@mate	the	parameters	≠	es@mate	the	
performance		



But	
•  Correla@on	is	not	causality…	
•  The	influence	of	a	factor	is	not	measured	by	its	
regression	regression	(P.	Bühlmann)	
–	«Every	things	equal»	is	difficult	to	sustain	
–Varying	a	predictor	causes	change	in	other	
predictors(interven@on	vs	correla@on)	

–Need	for	a	causal	diagram	
•  Big	data	require	a	specific	appraoch	
•  Old	methods	remain	effec@ve,	mainly	for	
unsupervised	methods	

•  Which	sta@s@cians	forBig	Data?	



The	end	of	science?		
	

•  Petabytes	allow	us	to	say:	"Correla@on	is	enough."	We	can	
stop	looking	for	models.	We	can	analyze	the	data	without	
hypotheses	about	what	it	might	show.	We	can	throw	the	
numbers	into	the	biggest	compu@ng	clusters	the	world	has	
ever	seen	and	let	sta@s@cal	algorithms	find	paeerns	where	
science	cannot.	



Conclusion	
•  Mobility	in	an	era	of	change	

–  Decline	of	the	conflict	automobile	versus	Public	tranport	
(mass	transit)	

–  New	comers	:	mobility	2.0,	collabora@ve	economy,	
sustainability	and	eco-slow	mobility	

•  Big	data	in	tranporta@on	
–  Already	done	by	main	actors	
–  Obstacles	for	individual	mobility	data	collec@on	
–  Derived	measurements	through	mobile	phones	

•  Algorithms	
–  From	eulerian	to	lagrangian	models	for	regula@on	in	real	
@me	

–  Predic@ve	models	and	The	end	of	science?	for	trafic	states	
anf	their	dynamics	in	a	transporta@on	network	



Bibliography	

•  Saporta	G.(2008)	Models	for	Understanding	
versus	Models	for	Predic@on,	In	P.Brito,	ed.,	
Compstat	Proceedings,	Physica	Verlag,	
315-322	

•  Dominique	Cardon	(2016)	A	quoi	rêvent	les	
algorithmes		Nos	vies	à	l’heure	des	big	data.	
Seuil.	


