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TRANSPORTATION BIG DATA? 

• Volume: 24*4 Operations, Historical ITS Data 
• Variety: Sensor, Probe, Infrastructure, Survey, Secondary 
• Veracity: Agency versus Crowdsourcing (WAZE) data 
• Velocity: 10Hz DSRC, I-Pass/EZ-Pass => 5-10 Year NHTS Data 
• Value: Public Sector (Congestion mitigation) versus 

Consumer Market (1.1 Billion WAZE) 



BIG DATA DECISION-MAKING 
Travel Demand Analysis 

Traveler Information 

Traffic Simulation 

Emergency 
Response/Planning 



MULTI-LAYER FRAMEWORK 



EMERGING SECONDARY DATA 
SOURCE Information and 

Concerns 
Survey GPS 

License 
Plate 

Blue-
tooth 

Smart 
Phone 

Cell 
Phone 

Social 
Media 

VS-
LBSN 

Origin-Destination Y Y Y Y Y Y Y Y 
Mode choice Y M Y-auto Y-auto Y Y Y M 
Trip Purpose Y M M N Y M Y Y 

Routes Y Y Y Y Y Y N M 
Trip Frequency Y Y Y Y Y Y Y M 

Trip Chain Y Y M M Y M Y N 
Traveler 

Characteristics 
Y M M N M M Y M 

Passive Data 
Collection 

N Y M Y M Y M Y 

Major Privacy 
Concern 

M M Y N M M Y N 

Respondent Burden High Medium No No No/M No N N 
Sampling Bias M M N Y M M Y Y 

Sufficient Sample 
Size 

M M Y Y M Y Y Y 

Trip information 
confirmation 

Y M M M M M Y Y 

Spatial resolution Low Low Low Low High High High High 
Temporal resolution Low High High High High High High High 

M: Maybe (implies information may be indirectly estimated).  
Source (except VS-LBSN): NCHRP Report 735 (Schiffer, 2012). Y-auto: Using Automobile mode. 



BIG DATA ON A SMARTPHONE 
Crowdsourcing: “WAZE”: 
User contributed information: 
incidents, congestion, transit 
delay, facility performance, 
cyber attacks etc. 

Social Network 
“Twitter, Facebook” 
Rich content data. 
Social updates may 
include user activity, 
social events, user 
interaction, user 
satisfaction/complai
nts, ”tagged” user 
locations  

Cellphone Location 
Location data 
Mandated by E-911. 
Can provide user 
locations, travel 
times, travel routes, 
etc.  

Location-based Social 
Networking 
“Foursquare, Twitter, FB” 
Geo-tagged social network 
messages: checkins. 
Announcing the arrivals at 
points of interests (e.g. office, 
restaurants, bars, coffee 
shops, transit terminals, 
transit lines. Provide 
confirmed trip time/ 
destination/ purpose info. 



E911 WIRELESS LOCATION 
TECHNOLOGIES 

Technology Network Handset/Network Location 
Accuracy 

E-911 
Compliance 

Cell ID All Networks Network 100m-3km Phase 1 

Cell ID + TA GSM Network 500 m Phase 1 

Cell ID + RTT UMTS Network 16-450 m Phase 1 

AFLT CDMA Network 200-400m Phase 1 

EFLT CDMA Network 250-300 m Phase 2 
TDOA, AOA, 

TOA 
All Network Network 100 - 200 m Phase 2 

U-TDOA All Network Network 50m Phase 2 

E-OTD GSM Network 50m Phase 2 
AGPS, GPS, 
GPS Hybrids 

All Networks 
Handset and 

Network Hybrid 
5 - 30m Phase 2 

Wi-Fi AP All Networks Handset 
indoor: 3-10 m/ 

outdoor  20-50 m 
Phase 2,  
NG E911 

Bluetooth All Networks Handset 3-10m NG E911 
http://www.ipcgps.com/uploads/docs/Intro_to_Location_Technologies-1.pdf 

Presenter
Presentation Notes
Based 911: LandlineEnhanced 911:Phase 1: Cell tower location within six minutesPhase 2: Within 300m under six minutes (95% of calls)NG (Next Generation) E911: Account for VoIP and internet calls, multi-media communications.

http://www.ipcgps.com/uploads/docs/Intro_to_Location_Technologies-1.pdf


CELLULAR PROBE DATA 
PROVIDERS 

Industry Name Country Carrier Partnership Operation 
Time Coverage Handset 

/Network 

ITIS* U.K. 
Vodafone (U.K.), 
O2(U.K.), Telefónica 
(Spain) 

1997 
United Kingdom, Mainland 
Europe, the United States, 
Israel, and internationally 

Network 

Globis Canada Bell Mobility (Canada) 1998-2013 Canada and United States 
Handset (A-
GPS) 

IntelliOne** USA 
U.S. Wireless, 
Rogers Wireless (Canada) 

1999 Canada and United States Network 

Applied Generics 
*** 

U.K. 
Vodafone (Netherlands) 
AT&T (USA) 

1999 
The Netherlands, United 
States, Canada and Mexico 

Network 

AirSage USA 
Sprint (USA), Verizon 
(USA) 

2000 USA 
Network/ 
Handset 

CellInt Israel Cellcom (Israel) 2005 US, Europe and Middle East Network 

MeiHui China 
China Mobile, China 
Unicom, China Telecom 
(China) 

2004 Shanghai, et al Network 

Nokia Finland 
AT&T(USA)， 
T-mobile (USA) 

2008 
San Francisco and the Bay 
Area 

Handset 

 * ITIS was acquired by INRIX in 2011. 
 ** IMS (Intelligent Mechatronic Systems) has acquired IntelliOne in 2011 
 *** TomTom acquired Applied Generics in 2006. 



CHALLENGES WITH CELLPHONE 
LOCATION DATA 

• Benefits: Large and real-time spatial-temporal 
coverage, Route tracking, Large penetration rate 

• Accuracy: Positioning error 
• Context: Unconfirmed origin-destinations 
• Availability: Need strong partnership with wireless 

carriers 
• Privacy: User Consent, Snowden events 

 



FOURSQUARE 

Real-time Arrival 
Counts 

Field 
id 
type 
timeZoneOffset 

createdAt 
private 

shout 
user 

venue 
location 

source 
event 
photos 
commen
ts 
likes 

overlaps 
score 

Check-in 
Information 

Confirmed Trip Purpose 
through content! 

Venue-side data public and 
no privacy issue | Two-hour 
frequency 



GEO-TAGGED TWITTER DATA 

Top Geo-tagging Sources on Twitter: 
Foursquare, Instagram, etc. 



FOURSQUARE PULSE AND 
ACTIVITIES 

Spatial-Temporal 
Pattern of Urban 
Travel Activities 
 
Travel Mode 
Information (Ferry, 
Transit, Tunel, etc.) 
 
 






WHAT CAN WE DO WITH THE 
CHECK-IN DATA? 

• Travel demand information: 
• Confirmed destinations, Accurate positioning 
• Real-time check-in patterns at venues 
• Inferring Origin-Destination Information 
• Integration with location data 

• Limitations: 
• Activity sampling bias 
• Population sample bias 
• Lack of tracking: Only a fraction of open-data (Foursquare-

twitter Bridge) for tracking and tracking is incomplete 



LBSN RESEARCH ROADMAP 
LBSN Check-in Pattern 
Characteristics (Social science) 

LBSN Activity Pattern Analysis 
(Purdue) 

POI Recommendations for Taxi 
Drivers and Travelers 
(Rutgers, Data Mining Center) 

LBSN Static Origin-Destination 
Analysis (Jin and Yang@UW, Jin 
and Cebelak@UT) 

LBSN Dynamic Trip 
Arrival/Attraction Estimation 
(Jin and Hu@Rutgers) 

LBSN-LBS Trip Chain Analysis 

LBSN Dynamic Origin-
Destination Analysis 

LBSN Activity-based Model 
Calibration LBSN-Enabled 

Active Traffic and 
Demand 
Management 
(ATDM) 

LBSN Dynamic Flow Prediction 

Activity-based Model 

Trip-based Model 



RESEARCH DATASETS 

• LBSN Check-in through Foursquare Venue API 
• Bi-hourly check-in snapshots at over 5000 venues 

in Chicago and Austin, One month. 
• GNIP Twitter Foursquare and Geo-tagged data: 

Austin, Chicago, and NYC (pending) 
• LBSN Firehose Data 

• Real-time global check-in feeds, One-year. 
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DEMOGRAPHICS OF FOURSQUARE 



DEMOGRAPHICS OF FOURSQUARE 



STATIC ORIGIN-DESTINATION 
ANALYSIS 

• Motivations: Start with the most observed LBSN venue 
categories for static travel demand analysis 

• Methodologies: Clustering-based Sampling + Singly-
Constrained Gravity model 

• LBSN Data:  
• Bi-hourly Check-in Counts in Chicago Area, 16021 venues, 

June 19, 2011 and July 9, 2011 
• Bi-hourly Check-in Counts in Austin Area,  

• Reference Data:  
• 2010 CMAP (Chicago Metropolitan Agency for Planning) 

OD Matrices 
 



FOURSQUARE VENUE DISTRIBUTION 
Chicago, IL 



CHICAGO AREA TAZ 



HOURLY CHECK-IN PATTERN 



MODELING FRAMEWORK 
Collect Check-in Data from Foursquare
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SAMPLING MODEL 
• Production and Attraction Estimation 
• 𝑃𝑃𝑖𝑖 =  ∑  𝑝𝑝𝑘𝑘𝑥𝑥𝑖𝑖𝑘𝑘 + 𝑝𝑝0𝐾𝐾

𝑘𝑘=1 , 𝑖𝑖 = 1,2, … ,𝑁𝑁 
• 𝐴𝐴𝑗𝑗 =  ∑ 𝑎𝑎𝑘𝑘𝑥𝑥𝑗𝑗𝑘𝑘 + 𝑎𝑎0 ,  𝑗𝑗 = 1,2, … ,𝑁𝑁𝐾𝐾

𝑘𝑘=1  
𝑃𝑃𝑖𝑖: Trip production at origin zone i 
𝐴𝐴𝑗𝑗: Trip attraction at destination zone j 
𝑥𝑥𝑖𝑖𝑘𝑘: Check-ins for venue type k in origin zone i  
𝑥𝑥𝑗𝑗𝑘𝑘: Check-ins for venue type k in destination zone j 
𝑝𝑝𝑘𝑘, 𝑎𝑎𝑘𝑘: Coefficients for estimating the trip production/attraction contribution according to 
total check-ins for venue type k 
𝑁𝑁: The total number of TAZs 
K: The total number of venue types 
𝑝𝑝0, 𝑎𝑎0: The constant terms 



RESIDUAL TERM 

• Trip Conservation: 
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TRIP DISTRIBUTION 
n=8 n=5 n=3 n=2 n=1 
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MODELING RESULTS 



STATIC ORIGIN-DESTINATION 
ANALYSIS 

• Motivations: Improve OD Estimation 
• Methodologies: Apply Locational-factors + Doubly-

Constrained Gravity model 
• LBSN Data:  

• Bi-hourly Check-in Counts in Austin Area, 19,170 
venues, 

• Reference Data:  
• 2010 CMAP (Chicago Metropolitan Agency for 

Planning) OD Matrices 
 



FOURSQUARE VENUE DISTRIBUTION 
AUSTIN, TX 



LBSN PRODUCTION RESULTS 

- Source: [7] IJST 2014, [8] TRR 2014 

Austin, TX 



LBSN ATTRACTION RESULTS Austin, TX 



DYNAMIC OD ESTIMATION 

• Apply similar 
methodologies 
to bi-hourly OD 
compare with 
MPO Time-of-
day Factor 
Results 
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DYNAMIC OD ESTIMATION 

• Apply similar 
methodologies 
to bi-hourly OD 
compare with 
MPO Time-of-
day Factor 
Results 
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ADDING HAWKES PROCESS TO 
LBSN ESTIMATION 

• Changing 
from 
Uniform to 
Hawkes 
Random 
Arrivals 



HAWKES MODEL 
PRODUCTION/ATTR
ACTION RESULTS 
 

Reference Model: The previous simple 
random sampling: A = p*C 
A: Attraction 
p: Scaling factor (assuming uniform 
arrivals) 

C: check-in counts 



KEY CHALLENGES 

• LBSN Sampling: Not 
full social network 
activities 

• Sampling bias 
especially for 
Home/Work Trips 

• Dynamic Estimation 
is limited by hourly 
sampling rate and 
zone resolution. 

? ? 



COMPATIBILITY BETWEEN TRAVEL 
AND SOCIAL NETWORK ACTIVTIES 

• Compatible definition: 
• A travel activity that can more likely to result in a check-

in/social network event at the destination 
• Compatible trip purposes: 

• Shops, restaurants, night life, outdoor activities etc. 
• Incompatible trip purposes: 

• Work/Home (Commuting trips) 
• Idea: Assuming a total activity limit for different time of day, 

compatible trips and LBSN activities shares the time frame 
(Direct Sensing) while incompatible trips exclude LBSN 
activities (Anti-Sensing, less LBSN activities => more trips) 

 
 



ACTIVITY SET IN SENSING AND ANTI-
SENSING MODEL (WORK TRIPS) 

 
 

LBSN-compatible Activity (D)

Anti-LBSN Activity (ND)

 Non-work Anti-LBSN 
Activity (NW-ND)  Work Activity (W)

 Work-related Anti-
LBSN Activity (W-ND)

 Work Activity Observed 
by other data source

 Work Activity (      ) 
Observed by LBSN

LBSN-compatible Activity (D)

 Non-work Anti-LBSN Activity (NW-ND)

 Non-work Activity Observed by LBSN

 Work Activity Observed by other data source

 Work Activity (      ) Observed by LBSN

 Work-related Anti-LBSN Activity (W-ND)

+ Target Full Activity (G)

+ LBSN check-in statistics (x)

 Non-work Activity 
Observed by LBSN



THE ANTI-SENSING MODEL FOR URBAN 
TRAVEL DEMAND 

• LBSN-compatible Activity Pattern Estimation Model 
𝐷𝐷~𝐷𝐷𝑖𝑖𝐷𝐷𝐷𝐷(𝑓𝑓 x𝑡𝑡,𝑤𝑤, x𝑡𝑡;𝜃𝜃𝑑𝑑 ,𝛽𝛽𝑑𝑑 ) 

- The number of travel demand in a time interval [𝐷𝐷, 𝐷𝐷 + ∆𝐷𝐷] is nonhomogeneous 
Poisson with mean 

𝜇𝜇 = � 𝜆𝜆 𝜏𝜏 𝑑𝑑𝜏𝜏
𝑡𝑡+∆𝑡𝑡

𝑡𝑡
 

• Where 𝜆𝜆 𝜏𝜏  is the intensity function 
𝜆𝜆 𝜏𝜏 = 𝜃𝜃𝑑𝑑 ∗ (x𝑡𝑡 − x𝑡𝑡,𝑤𝑤) + 𝛽𝛽𝑑𝑑 

𝑃𝑃(𝐷𝐷𝑖𝑖|𝜇𝜇𝑖𝑖) =
𝑒𝑒− ∫ 𝜆𝜆 𝜏𝜏 𝑑𝑑𝜏𝜏𝑡𝑡𝑖𝑖+∆𝑡𝑡

𝑡𝑡𝑖𝑖 (∫ 𝜆𝜆 𝜏𝜏 𝑑𝑑𝜏𝜏𝑡𝑡𝑖𝑖+∆𝑡𝑡
𝑡𝑡𝑖𝑖

)𝐷𝐷𝑖𝑖

𝐷𝐷𝑖𝑖!
 

- Where x𝑡𝑡 is the social media statistics, 𝜃𝜃𝑑𝑑 is the converting parameters, 𝛽𝛽𝑑𝑑 is the bias 
factors (e.g. hourly pattern, location, trip type), and ∆𝐷𝐷 is set of resolution as 15min to 
1 hour.  

 
 



THE ANTI-SENSING MODEL FOR URBAN 
TRAVEL DEMAND 

• Work-related Anti-LBSN Activity Pattern Estimation Model 
• 𝑊𝑊 −𝑁𝑁𝐷𝐷~𝑔𝑔 𝐺𝐺,𝐷𝐷  
• Where 𝑔𝑔 𝐺𝐺,𝐷𝐷  is a function of the work-related anti-LBSN activity 

demand 𝑊𝑊 −𝑁𝑁𝐷𝐷 with estimated LBSN-compatible demand 𝐷𝐷, and 
full activity pattern 𝐺𝐺. 

• In each time interval, the full activity pattern 𝐺𝐺 has a fixed time 
budge regarding the human energy, attention, and multi-tasking 
capabilities. 

• P(W − ND) + P(D) = P(G).  
• P 𝑊𝑊 −𝑁𝑁𝐷𝐷1 = 𝑤𝑤 − 𝑛𝑛𝑑𝑑1, … ,𝑊𝑊 −𝑁𝑁𝐷𝐷𝑛𝑛 = 𝑤𝑤 − 𝑛𝑛𝑑𝑑𝑛𝑛 𝝁𝝁 =

∏ P 𝑊𝑊 −𝑁𝑁𝐷𝐷𝑖𝑖 = 𝑤𝑤 − 𝑛𝑛𝑑𝑑𝑖𝑖 𝝁𝝁𝑛𝑛
𝑖𝑖=1 = ∏ (1 −

𝑒𝑒
− ∫ 𝜆𝜆 𝜏𝜏 𝑑𝑑𝜏𝜏

𝑡𝑡𝑖𝑖+∆𝑡𝑡
𝑡𝑡𝑖𝑖 (∫ 𝜆𝜆 𝜏𝜏 𝑑𝑑𝜏𝜏𝑡𝑡𝑖𝑖+∆𝑡𝑡

𝑡𝑡𝑖𝑖
)𝑑𝑑𝑖𝑖

𝑑𝑑𝑖𝑖!
𝑛𝑛
𝑖𝑖=1 ) 



THE ANTI-SENSING MODEL 
PRELIMINARY RESULTS 

• PERLIMINARY RESULT ANALYSIS 
 
 
 
 
 
 
 
 
 

Left: The daily activity pattern by LBSN Sensing 
Right: Comparison between the estimated work-related activity 
pattern and ground truth data 

 
 
 

Presenter
Presentation Notes
The bar diagram indicates four different trends. First, the LBSN work activity data observed a little work activity which is represented by the green bar during the AM peak but captured late night work trips (e.g. people working night shifts). Second, given by vertical black line, the overall social activity researched its peaks of check-in counts during the midnight period and did not necessarily coincide with regular AM/PM peak hours. In Figure 2 (b), it can be clearly indicated that the proposed model addressed the issue of the observation bias regarding the LBSN work-related data. In particular, for AM Peak and PM Peak of commuting trips are captured.Finally, the LBSN-compatible demand shown in the blue bar also reflects the characteristic of the daily trip pattern in the urban area. A noon activity peak is observed, which is consistent with lunch time. 



LAND USE CORRELATION BASED 
ON LBSN • The cross-correlation-based method 

- The idea of the pattern recognition of urban travel demand through 
such technologies is examined. 

• Study area and dataset 
 

 

1 Central Park
2 Chelsea
3 Chinatown
4 Civic Center
5 East Harlem
6 East Village
7 Ellis Island
8 Financial District
9 Flatiron District
10 Governors Island
11 Gramercy
12 Greenwich Village
13 Harlem
14 Hell's Kitchen
15 Inwood
16 Kips Bay
17 Liberty Island
18 Little Italy
19 Lower East Side
20 Marble Hill
21 Midtown
22 Morningside Heights
23 Murray Hill
24 NoHo
25 Nolita
26 Randall's Island
27 Roosevelt Island
28 SoHo
29 Stuyvesant Town
30 Theater District
31 Tribeca
32 Two Bridges
33 Upper East Side
34 Upper West Side
35 Washington Heights
36 West Village
37 Battery Park City

• Neighborhood index and land use 
snapshot for Manhattan Island, NYC. 
 

• The data set includes one year of 
tweets posted within Manhattan 
island of New York City from 11:40 pm 
of February 25th, 2010 to 04:26 am of 
January 21st, 2011.  



LAND USE CORRELATION BASED 
ON LBSN • Time delay correlation model 

𝑟𝑟𝑖𝑖,𝑗𝑗 𝐷𝐷,𝑤𝑤 = 𝑓𝑓𝑖𝑖(𝐷𝐷,𝑤𝑤) ∗ 𝑓𝑓𝑖𝑖(𝐷𝐷 + 𝜏𝜏𝑡𝑡𝑡𝑡 + 𝜏𝜏𝑑𝑑𝑤𝑤,𝑤𝑤) 

Origin Neighborhoods Destination Neighborhoods

* Blue line represents the origin area and red 
represents the potential destination area. 

* Sample of three OD pairs: 
colorful chords show the flow 
from the origin to the 
destination, the width indicate 
the flow value 



POTENTIALS AND LIMITATIONS OF 
LBSN DATA 

• Potentials: 
• Large-scale, High-Resolution Activity Data 
• Estimate static and dynamic travel demand 
• Integration with other Big Data Sources: Operations, 

Cellphone LBS, video, etc. 
• Integration with Activity-based and Trip-based models 

• Limitations: 
• Individual tracking is incomplete 
• Changing in social network market  
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