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Big	
  Data	
  to	
  Change	
  Urban	
  
Demand	
  Modeling	
  Paradigms	
  

Marta	
  C.	
  Gonzalez	
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Why	
  do	
  we	
  need	
  a	
  Transporta6on	
  Model?	
  

Founded	
  in	
  1978	
  has	
  16	
  
Companies	
  around	
  the	
  	
  
World	
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Where	
  do	
  they	
  apply	
  a	
  Transporta=on	
  Model?	
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How	
  much	
  a	
  Travel	
  Survey	
  Cost?	
  

Source:	
  DOT,	
  1996,	
  prepared	
  by	
  Cambridge	
  Systema6cs	
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•  Opportunity:  
Call data records and ICT (information and 
communication technologies) from mobile devices is 
a proxy for individual movement. 
 

•  Challenge:  
Can we use Information and ICT to Simplify the 
Generation of Urban Transportation Models and 
change the current paradigm? 
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Greater Good:  Optimize the whole, not an individual! 
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This	
  will	
  a	
  review	
  work	
  of	
  all	
  our	
  methods,	
  to	
  be	
  published	
  in	
  2016.	
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•  How do people move around the city? 
▪  Individual Trip Profiles 

▪  Contextual Mobility Patterns 
▪  Probabilistic Dynamic Model of City Traffic 

 

•  How do we optimize solutions?  
▪  Portable platform  
▪  “Routing” Test Case 
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Mobile Data is the next frontier, in which people and spaces are connected in time! 

Our	
  Work	
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From discrete data to social benefits 

Informa6on	
  and	
  Communica6on	
  
Technologies	
  

(ICT)	
  Discrete	
  Data	
  

Inference	
  of	
  
daily	
  Journeys	
  

Op6miza6on:	
  
Rou6ng	
  Applica6ons	
  

Validated	
  Models	
  of	
  Urban	
  Traffic	
  

Overview	
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What	
  are	
  we	
  using	
  Travel	
  Model	
  for?	
  

Marta	
  C.	
  Gonzalez	
  

We	
  have	
  developed	
  a	
  portable	
  pipeline	
  to	
  generate	
  urban	
  demand	
  
models	
  from	
  mobile	
  phone	
  data	
  and	
  we	
  are	
  interested	
  now	
  	
  
in	
  its	
  applica6ons	
  for	
  beXer	
  ci6es.	
  	
  
Examples	
  of	
  current	
  projects:	
  
	
  
	
  	
  	
  1-­‐WithinBlocks:	
  Building	
  Occupancy	
  Models	
  for	
  Energy	
  Modeling	
  
	
  	
  	
  2-­‐	
  Metro:	
  Helping	
  to	
  plan	
  the	
  first	
  metro	
  in	
  Riyadh	
  	
  	
  
	
  	
  	
  3-­‐	
  Planning	
  for	
  	
  Electric	
  Vehicles	
  in	
  the	
  Bay	
  Area	
  
	
  	
  	
  4-­‐	
  Understanding	
  Travel	
  6me	
  Reliability	
  
	
  	
  	
  5-­‐	
  Understanding	
  Air	
  quality	
  in	
  Bejing	
  integra6ng	
  AQ	
  Sensors	
  and	
  a	
  
Traffic	
  Model	
  
	
  	
  	
  	
  6-­‐Distribu6ng	
  Travel	
  Demand	
  during	
  the	
  Olympic	
  Games	
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Çolak	
   Yang	
  

Jiang	
  

Sturt	
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Toole	
  

Alexander	
  

Schneider	
   Belik	
   Wang	
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Spa=otemporal	
  Mapping	
  of	
  Mobile	
  Phone	
  for	
  Urban	
  
Demand	
  Modeling	
  

Marta	
  C.	
  Gonzalez	
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Overarching	
  Goal	
  

How	
  to	
  extract	
  human	
  daily	
  ac6vi6es	
  (e.g.,	
  types,	
  sequences,	
  and	
  chains)	
  
from	
  these	
  massive,	
  passive	
  and	
  noisy	
  Big	
  Data	
  that	
  are	
  comparable	
  to	
  travel	
  
demand	
  models	
  from	
  travel	
  surveys?	
  and	
  asses	
  the	
  role	
  of	
  Social	
  Rou6ng?	
  	
  

	
  

1.9	
  million	
  total	
  users	
  observed	
  in	
  
the	
  2	
  months,	
  in	
  Boston	
  2010.	
  	
  

Human	
  Ac6vity	
  Density	
  4	
  P.M.-­‐7	
  P.M.	
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•  800	
  million	
  of	
  historical	
  loca=on	
  
records	
  for	
  1	
  million	
  anonymous	
  
individuals	
  who	
  use	
  phones	
  in	
  the	
  
Boston	
  metropolitan	
  area	
  

•  Data	
  for	
  one	
  anonymous	
  user:	
  

	
  
	
  
•  Es=ma=on	
  precision	
  error:	
  
	
  	
  	
  	
  	
  	
  	
  ~	
  300	
  meter	
  
	
  

Raw	
  Data	
  Descrip=on	
  
Traces	
  of	
  People	
  –	
  Where	
  and	
  When	
  

Reference:	
  hXp://www.airsage.com/Technology/How-­‐it-­‐works/	
  

Longitude	
   La=tude	
   Time	
  
-­‐71.059998	
   42.356132	
   1266513700	
  
-­‐71.059730	
   42.356391	
   1266513800	
  
-­‐71.063884	
   42.355315	
   1266513900	
  
-­‐71.063884	
   42.355315	
   1266514200	
  

...	
  	
   …	
   …	
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Detailed	
  Results	
  Paper	
  1	
  
Modeling	
  Individual	
  Trajectories	
  

Marta	
  C.	
  Gonzalez	
  

Data	
  Sources	
  
—  2	
  millions	
  of	
  individual	
  phone	
  users	
  in	
  Boston	
  
	
  	
  	
  	
  	
  	
  (For	
  	
  purchase	
  na=onwide	
  in	
  AirSage.com)	
  
	
  
—  14	
  Months	
  of	
  self-­‐collected	
  complete	
  mobile	
  	
  
phone	
  data	
  of	
  1	
  Student.	
  

	
  
	
  
	
  
Goal	
  
Model	
  Individual	
  Trajectories	
  
	
  (resolu=on	
  10min	
  and	
  300mts	
  radius)	
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Stay	
  Extrac=on	
  

17	
  



18	
  

Stay	
  extrac=on	
  

How	
  to	
  detect	
  a	
  stay?	
  
•  Consecu6ve	
  records	
  within	
  a	
  circle	
  of	
  certain	
  radius	
  (300m)	
  

•  The	
  6me	
  interval	
  between	
  the	
  first/last	
  record	
  is	
  larger	
  than	
  certain	
  
threshold	
  (10min)	
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Stay	
  region	
  extrac=on	
  

From	
  stay	
  to	
  stay	
  region	
  
•  Stay	
  Region:	
  stays	
  from	
  different	
  trajectories	
  might	
  
represent	
  the	
  same	
  loca6on	
  

•  Interchangeable	
  with	
  “loca6on”	
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Stay	
  region	
  extrac=on	
  

How	
  to	
  get	
  stay	
  regions?	
  
• Grid	
  based	
  clustering	
  
• Divide	
  the	
  en6re	
  area	
  into	
  a	
  grid	
  
• Merge	
  stays	
  in	
  neighboring	
  grid	
  cells	
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Stay	
  Extrac=on	
  

21	
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Stay	
  Extrac=on	
  

22	
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s1	
   s2	
  

s3	
  

• A	
  phone	
  user’s	
  “home”	
  is	
  defined	
  as	
  
‒  the	
  most	
  frequently	
  region	
  during	
  nights	
  of	
  weekdays	
  &	
  days	
  of	
  weekends	
  	
  

-  over	
  the	
  study	
  period	
  
‒  Night	
  6me:	
  a	
  parameter	
  (e.g.,	
  from	
  7	
  pm	
  to	
  7	
  am)	
  

A	
  phone	
  user’s	
  “work”	
  is	
  defined	
  as	
  
‒  the	
  most	
  frequently	
  stay	
  region	
  working	
  hours	
  of	
  the	
  weekday	
  

A	
  phone	
  user’s	
  “other”	
  is	
  defined	
  as	
  the	
  rest	
  

Measuring	
  Individual	
  Ac=vi=es:	
  	
  
Home,	
  Work,	
  and	
  Other	
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Stay	
  Extrac=on	
  

24	
  

Same	
  user	
  can	
  re-­‐locate	
  by	
  rechecking	
  the	
  criteria	
  periodically	
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Sparse vs. Active Users 
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Reconstructing daily journeys is easier for active users. 

Stays	
  of	
  Sparse	
  User	
   Daily	
  Journeys	
  of	
  Ac6ve	
  User	
  vs.	
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Distribu6on	
  of	
  Phone	
  Records	
  per	
  individual	
  

Group	
  II	
  >>	
  Sparse	
  users	
  
	
  
Group	
  III	
  and	
  IV	
  >>	
  Representa6ve	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  Ac6ve	
  Users	
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We	
  can	
  learn	
  from	
  the	
  behavior	
  of	
  ac=ve	
  users	
  to	
  
effec=vely	
  model	
  sparse	
  users?	
  	
  

Marta	
  C.	
  Gonzalez	
  

1. What	
  is	
  the	
  likelihood	
  of	
  a	
  trip	
  to	
  occur	
  at	
  
different	
  6mes	
  of	
  the	
  days?	
  

	
  
2.  How	
  long	
  do	
  they	
  stay	
  in	
  flexible	
  ac6vi6es?	
  
	
  
3. What	
  is	
  the	
  like-­‐hood	
  to	
  visit	
  new	
  Loca6ons?	
  
	
  
4.  How	
  do	
  they	
  select	
  them?	
  	
  

5.  How	
  many	
  trips	
  I	
  likely	
  do	
  per	
  week?	
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Explore	
  vs.	
  Return	
  

28	
  

Like	
  hood	
  to	
  be	
  found	
  in	
  the	
  
most	
  visited	
  Loca=on	
  	
  by	
  =me	
  

of	
  the	
  day	
  

Number	
  of	
  
Loca=ons	
  by	
  Time	
  

od	
  the	
  Day	
  

Wang,	
  Pu,	
  et	
  al.	
  
"Understanding	
  road	
  
usage	
  paXerns	
  in	
  urban	
  
areas."	
  Scien*fic	
  reports	
  2	
  
(2012).	
  

Song,	
  Chaoming,	
  et	
  al.	
  
"Modelling	
  the	
  scaling	
  
proper6es	
  of	
  human	
  
mobility."Nature	
  Physics	
  
6.10	
  (2010):	
  818-­‐823.	
  

Probability	
  of	
  Exploring	
  
	
  having	
  S	
  loca=ons	
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Ranking	
  of	
  POIs	
  to	
  select	
  	
  New	
  Des=na=on	
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What	
  is	
  the	
  probability	
  of	
  depar=ng	
  from	
  
home	
  to	
  do	
  a	
  flexible	
  ac=vity	
  at	
  =me	
  t?	
  

Frac6on	
  of	
  Total	
  Trips	
  per	
  6me	
  step	
  
Weekly	
  trips	
  from	
  home	
  

Pi(t)	
  =	
  niwPd(t)	
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Time	
  independent	
  Markov	
  Model	
  

Moving	
  from	
  “other”	
  

Moving	
  from	
  	
  “home”	
  

Moving	
  from	
  “other”	
  to	
  “other”	
  	
  

β1 Generates	
  shorter	
  stays	
  in	
  the	
  flexible	
  loca6on	
  	
  state.	
  	
  

β2 Generate	
  Different	
  number	
  of	
  ac6vi6es	
  in	
  a	
  row	
  per	
  ac=ve	
  cycle	
  	
  	
  	
  

P(t) = nwPd(t) 	
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Measure	
  the	
  3	
  key	
  features	
  from	
  Ac=ve	
  
Users	
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   Marta	
  C.	
  Gonzalez	
  

The	
  Model	
  
Features	
  Extracted	
  from	
  data	
  of	
  Ac6ve	
  Users	
  

Flowchart	
  of	
  the	
  Model	
  

Global	
  Trip	
  prob.	
   Individual	
  Mobility	
  Rates	
   Preferen6al	
  Return	
   Ranking	
  of	
  Explora6ons	
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Models	
  Results	
  

Marta	
  C.	
  Gonzalez	
  

Modeled	
  	
  Trajectories	
  of	
  our	
  Student	
  
and	
  see	
  the	
  results	
  (only	
  home	
  and	
  work	
  data	
  used)	
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Individual	
  Mobility	
  Paferns	
  

Student	
  vs.	
  his	
  synthe6c	
  version	
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Modeled	
  	
  
Trajectories	
  
From	
  Sparse	
  Data	
  
of	
  sample	
  User	
  
(previous	
  loca6ons	
  
used)	
  

Models	
  Results	
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Models	
  Results	
  

Marta	
  C	
  Gonzalez	
  

Aggregated	
  Results	
  Boston	
  Trajectories	
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Are	
  Ac=ve	
  users	
  Representa=ve?	
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Comparison	
  with	
  Tradi=onal	
  Models	
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bay	



bos	
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Commu=ng	
  Distance	
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Route	
  Assignment	
  

1.  Road	
  networks	
  from	
  OpenStreetMap	
  
data.	
  

2.  Algorithm	
  B,	
  implements	
  equilibra6on	
  
on	
  a	
  directed	
  acyclic	
  graph	
  (DAG).	
  

3.  Keep	
  track	
  of	
  where	
  flow	
  is	
  sent	
  two	
  
and	
  from.	
  

42	
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Assigned	
  volumes	
  are	
  converted	
  to	
  link	
  
travel	
  =mes	
  using	
  a	
  standard	
  BPR	
  func=on	
  	
  	
  

Note:	
  The	
  results	
  of	
  validated	
  travel	
  6me	
  at	
  the	
  level	
  of	
  routes	
  act	
  as	
  a	
  valida6on	
  	
  
of	
  the	
  OD	
  flows	
  and	
  show	
  an	
  applica6on	
  of	
  the	
  urban	
  mobility	
  platorm	
  to	
  compare	
  	
  
ci6es	
  and	
  the	
  cause	
  of	
  their	
  conges6on.	
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Valida=on	
  of	
  CDR	
  OD	
  assignment	
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Free	
  traffic	
  speed,	
  vf	
  [km/h]	
  

Free	
  Traffic	
  Speed	
  Comparison	
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Traffic	
  Speed	
  Comparison	
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Commuting Time 
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%	
  Time	
  Lost	
  vs.	
  Pop.	
  Density	
  

xe	
  	
  	
  	
  	
  	
   #	
  Cars	
  in	
  the	
  road	
  link	
  e	
  

Road	
  link	
  length	
  in	
  miles	
  

Ce	
  	
  	
  	
  	
  	
   Capacity	
  in	
  the	
  road	
  link	
  [cars/miles2]	
  

le	
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Smart-­‐app	
  (rou=ng)	
  

Modifica6ons	
  on	
  the	
  level	
  of	
  altruism:	
  

User	
  Equilibrium	
  
component	
  

Social	
  Op6mun	
  
component	
  

λ=[0..1]	
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λ=0.3 is a good compromise	
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Next	
  steps:	
  Travel	
  Time	
  Reliability	
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Recommenda=ons	
  for	
  the	
  new	
  
Riyadh	
  Metro	
  System	
  (METRO)	
   

•  Methodology for optimizing 
catchment zones based on 
potential demand of the new 
metro system and to support 
the design of the bus system. 

•  Scenario analysis of various 
travel time outputs from 
diverse coupling mechanisms 
of the road vehicle trips (cars 
and buses) with the metro 
system.  
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  Coupled Networks approach: A small 
network 2 (metro) is coupled with the 
larger network 1 (road network). We will 
explore various coupling mechanisms that 
result in the best performance in terms of 
travel times for existing conditions of OD 
demand and travel times. 

 

APPROACH  
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 Rio de Janeiro

1.2 million people

average of ~16 calls per day

1,411 cell phone towers




Current	
  Applica6on:	
  Help	
  	
  Distribute	
  Demand	
  
in	
  the	
  Rio	
  Olympic	
  Games	
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Overview	
  of	
  research	
  

•  	
   Working	
   at	
   the	
   intersec6on	
   sta6s6cal	
   physics	
   and	
   machine	
  
learning	
  methods	
   to	
  generate	
  urban	
  transporta6on	
  models.	
  That	
  
intersec6on	
  enables	
  the	
  genera6on	
  of	
  knowledge	
  from	
  data	
  that	
  
cannot	
  be	
  extracted	
  from	
  one	
  discipline	
  alone.	
  

•  Current	
  models	
  of	
  travel	
  demand	
  are	
  based	
  in	
  Census	
  and	
  Ac6vity	
  
Surveys	
  which	
  get	
  outdated	
  and	
  are	
  expensive	
  and	
  limited	
  in	
  size.	
  
While	
  massive	
  digital	
   traces	
   (phone	
  usage,	
  on-­‐line	
  ac6vi6es,	
  GPS	
  
records)	
   are	
   passively	
   generated	
   geo-­‐located	
   signals	
   of	
   human	
  
ac6vi6es.	
  But	
  these	
  signals	
  are	
  sparse	
  and	
  incomplete.	
  	
  

•  We	
  can	
   convert	
   raw	
  data	
   into	
   surveyless	
  models	
   of	
   trip	
   diaries,	
  
urban	
   traffic	
   and	
   social	
   behavior	
   at	
   urban	
   scale.	
   This	
   is	
   key	
   for	
  	
  
urban	
  and	
  transporta6on	
  planning.	
  	
  	
  

Marta	
  C.	
  Gonzalez	
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