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Social Network Services

@ Social Network Services (Wikbuilding online communities of
people whoshareinterests and activities, or who are interested
In exploringthe Interests and activities of others
@ MySpaceFacebookHi5, LinkedInXiaonei( & ), KaixinO01( )
@ Among top 25 sites, 5 are social networking sites (soulsxg
@ Traditional social network services remain rooted in the virtual
world

@ Not designed for mobile
@ Can not easily access the service without a desktop PC

@ Not designed for local
@ Can not share redime and location based information



L ocation Based Social Network (LBSN)

@ By adding a location dimension, we can bring social networking
back from the virtual world into real life

@ The development of wireless networks and location sensing
technologies have made it easier to track and share personal location

Information on the fly
@ Allow reallife experiences to be shared in a more convenient way

@ Location Based Social Network (LBS$Hcial network services
where people can track and share location related information
with each other, via either mobile or desktop computers



L ocation Based Social Network (LBSN)

-

Turn a mobile device into a rene digital life recorder that
enables users to share their life with others when and where it
happens

Collect recommendations and rank interesting locations

Creating a new and more trustworthy way to search for relevant
iInformation based on the opinion of friends

Discovery of places, people and activities via yggarerated
content produced by the effort of the whole community



| BSN Users

Social Networking Subscriptions by Type, World Market, Forecast: 2006 to 2013
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Research Topics

-
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Spatial data mining and knowledge discovery
@ Personal location/trajectory data mining
@ Spatial query log mining
@ Geoctagged multimedia mining
@ Opinion mining for location related information
Spatial data indexing
@ Hybrid index for spatial, textual and multimedia data
@ Index for moving objects

Location based social network analysis

Geographical information extraction and retrieval
Spatial data acquisition and pprocessing

Spatial data visualization and computer human interface
Location privacy, data sharing and security

Navigation and traffic prediction

Systems, architectures and middleware

Other related topics

Location
service

Social network
service

Map and
navigation
service




Understanding User Behaviors in LBSN

@ Understanding user behavior is essential for providing
personal Web experiences and targeted advertisements

@ Current systems try to understand users only from their
online behaviors
@ How people search, read and write on the Web

@ However, we miss a large part of their everyday life, or calle
WhysicaQl 0 SKI GA 2 NA
@ How people dine, shop and travel
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Understanding User Trajectories
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Data and Dewvices

@ 40+ GP*nabled devices

@ 70+ people participated in our data collection program

@ Data statistics (Apr. 2007Aug. 2008)

Mode Segment Number | Distance(km) | Duration(h)
Walk 2137 1,777.5 475.5
Bike 705 2,387.5 262.6
Bus 706 4,138.7 226.2
Car 923 10,169.8 330.0
Train 183 4,434.6 69.1
Airplane 8 2,1586.8 52.4
Unlabeled 425 1435.0 90.1
Total 5000+ 45,000+ 1,500+




Understanding User Mobllity - 1

@ |nferring transportation modes from GPS data
@ Differentiate driving, riding a bike, taking a bus and walking
@ Difficulties
@ Velocitybased method cannot handle this problem well (<0.5
accuracy)
@ People usually transfer their transportation modes in a trip

@ The observation of a mode is vulnerable to traffic condition
and weather



Understanding User Mobllity - 2

@ The 1st findingwalking is a transition between other modes
@ Partition a trajectory into segments of different modes

@ Handle congestion to some extent

Table I. Transition matrix among transportation modes

Transportation | v | Driving | Bus | Bike
modes
Walk / 411% | 49.0% | 9.0%
Driving 99.7% f 0% | 03%
Bus 98.7% 0.6% ] 0.6%
Bike 99.8% 0% 0.2% /
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Understanding User Mohility - 3

@ The 2nd finding: many features are more discriminative than velocity
@ Heading Change Rate (HCR)
@ Stop Rate (SR)
@ Velocity change rate (VCR)
@ >(0.65 accuracy

a) Driving Distance

A Velocity
Vst — — — X f — — — \— m -
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b) Bus Distance

A Velocity

¢) Walking Distance



Understanding User Mobility - 4

@ Postprocessing

@ Transition probability between
different transportation modes

@ P@Bike|Walk and Hgike|Driving

@ Typical user behaviors based on
location

@ Constrains of the real world

S stop

®
Bus s

Ground Truth

Inference result

Transition P(Walk|Driving)
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Segment][i-1]: Driving

. Segment[i]: Walk

Transition P(Bike|Walk)
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Segment[i+1]: Bike

v
P(Driving): 75%
P(Bus): 10%
P(Bike): 8%
P(wak): 7%

v
P(Bike):  40%
P(wak): 30%
P(Bus):  20%
P(Driving): 10%

v
P(Bike): 62%
P(Wak): 24%
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Understanding User Mobility - 5

@ ¢KS oNR FAYRAY3IAY dzaSNBRQ Dt { |
@ Use the location constrains and typical user behaviors as probabilistic
cues

@ Being independent of the map information




