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LocationBased Social Networks Urban Computing

Computing with Spatial Trajectories



Sensing

What 6s Ur ban Umlrp\‘

Improvmg

a

Understanding

Urbancomputing is emerging as a concept whewerysensor,
device, persoynvehicle, building, and street in the urban areas
canbe used asa componento sensecity dynamicgo enable a
city-wide computing to tackle the challenges in urban areas as s
to servepeopleand C|t|es




Key Features

A Sensingity dynamics
I Unobtrusively, automaticallynd constantly SN ] L
i Avariety of sensorvobilephones @S KA Of Sa s OSSN 5 f
I Humanas asensor:User generated@ontent(check in, photos, tweets

A Computing with heterogeneous data sources

I A synergy of varioudata and discovery of collective knowledge
I Geospatialis a unigue and strategically important dimension )

A Blending the physical and virtual worlds

I Serving both people and cities (virtually and physically)
i Hybridsystem¥ a20AfS b [/ f2dzRE ONRGR &2 dzN.




City Dynamics

@ Scope

e € © & &0 e

Traffic flow

Human mobility
Energy consumption
Environment
Economic
Populations

X X

@ Data available

-
-
-

Mobile phone signal

GPS traces afehicles and people
Ticketingdata in public
transportationsystems
Usergenerated content
Transportation sensor networks

@ Camera and loop sensors
@ Parking lots

Environmental sensor network
@ Air quality
@ Temperature
@ Radiation
Transactiorrecords of credit cards

XD



Beijing road network2009-2011 -y, Ei s AT Fh lj !

W)
Ll
- ——‘ 'r——
-
1L

o e

1 LR 2011: 121,771 nodes and 162,246 segmeh®524km
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Checkin data
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GPS trajectories of 33,008xis in2009, 2010?“a\nd|2011
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Heat Maps of Beljing (2011)
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iInding Smart Driving Directions
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Driving Directions Based on Taxi Traces

Diving Direction Based on Taxi Trajectones

@ Atime-dependentuserspecifiG andselfadaptive
driving directions service using
@ GPS trajectories of a large number of taxicabs
@ GPS log of an end user

Physical Routes Traffic flows Drive behavior

ACM SIGSPATIAL GIS 2010 best paper rupreavard and a publication on KDD 2C
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Driving Directions Based on Taxi Traces

Dnving Direction Based on Taxi Trajectonies

Driver A Driver A Driver B
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Driving Directions Based on Taxi Traces

Diving Direction Based on Taxi Trajectones

Driver B
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Motivation
@ Taxi drivers arexperienceddrivers

@ GP&quipped taxis arenobile sensors
@ GPS logs imply thédrive behaviorof a user

LdLa
o®] )

Humanlintelligence+ Traffic patterns

Drive behavior




System Overview

Physica world

@7 -Drive

Driving Directions Based on Taxi Traces

Service providing Knowledge discovery
r—---—-—-—-— - - - = - - -="==="="="="_."_ = = ==
| Historicdl trajectories 1;
| e andMeather
: | offline | |
1 mining '
i\ o o= dmark Graphs l
il alllk Graphs .
| I, | Online .
l < i inference .
; Real/Futufé traffic rem
A | | IS
i‘ 1. Send a query 3. Route downloading Iil :
i Q: (q81 qd1 tl lj) L |L |£ Iil Real 't| me .
il O—»W |:| taxi trgjectories
I ] i
il 4. Logging the il .
l 5.L [ ' : l
:I n:?,r%ng real travel with I .i
| aGPStrace > ,I
! p
I ———- -




Offiine Mining

@ Challenges

@ Intelligence modeling

Banbidian, )
‘Gaobalta

Guanyinta

18th Ave S

@ Data sparseness
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Driving Directions Based on Taxi Traces

@ Lowsamplingrate

S Massachusetts St

22nd Ave S

S Grand St

S Holgate St

S Plum St



Offline Mining

@ Detecting landmarks

@ Alandmark is a frequentiyraversed road segment
@ Top k road segments, e.g. k=4

@ Building landmark edges
@ Number of transitions between two landmark edgés >
“Egl p

A) Matched taxi trgjectories  B) Detected landmarks C) A landmark graph
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Driving Directions Based on Taxi Traces

Mi ni ng Taxil Drilver s
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C) Distributions of travel time

1

1

@ Learning travel time distributions for each

landmarkedge
@ Traffic patterns vary in time on an edge
@ Different edges have different distributions
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Driving Directions Based on Taxi Traces

Results

A More effective
A 60-70%o0f the routes suggested by our method are faster than Bing and Google Maps.
A Over50%of the routes are20+%faster than Bing and Google.
A On average, we saeminutes per 30 minutes driving trip.

A More efficient
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Urban Computing for Urban Planning




Urban Comyputing for Urban Planning

@ Goals

@ Citywide traffic modeling

@ Evaluate city configurations

@ Suggest potential improvement to city planners
@ |dentify root causes of the problem

@ Datasets

@ Taxi trajectories: March to May, 2009, 2010, 2011
@ Beijing maps 2009, 2010, 2011

Best paper nominee ibiComp2011



City-Wide Traffic Modeling

@ Partition a city into regions with major roads
@ Regionsareroot causes of the problem




City-Wide Traffic Modeling

@ Partition the dataset by time slots (a dadaiven method
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Time Work day Non-Workday

Slot 1 7:00am10:30am 9:00am12:30pm
Slot 2 10:30am4:00pm 12:30pm7:30pm
Slot 3 4:00pm7:30pm 7:30pm9:00am
Slot 4 7:30pm7:00am




City-Wide Traffic Modeling

@ Project taxi trajectories onto thesegions
@ Building a region graph for each time slot




Finding Problematic Edges

@ Extracting features from each edge

@ |S|: Number of taxis
@ E(v): Expectation of speed
® — 0(0)j 6 'Q¢ OIChI o




Finding Problematic Edges

@ Select edges with |S| above average

@ Detect Skyline edges according t®©&y)h—
Select edges withig—and small'O(w)
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Making Sense of Individual Problematic Edges

Dayl Day 2 Day 3
@ Formulate skyline graphs for .,
each day ; 5’5
@ Mining frequent subgraph : <
patterns across days * i
@ To avoid false alert _ 2
@ Deep understanding = 7
2 9
E
--------- Step 2)======<p  Mining skyline patterns
Support=1.0 Support=2/3

:
()~ (19(1)

Patterns




Top 10 most frequent problematic edges
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Jhe dotted road was
u.uadedh1August2009
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Workday s

Example 2
2009




T=ht]

Dec. 2010 Subway Line 15 was launche
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DiscoverRegionsof Different Functions
usingHuman Moblilityand POls
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Goals

@ Discovery regions of different functionsurban areas
@ |dentify the kernel density of a functionality

Functional Regions

Functionality Density



Applications

@ Calibrating urban planning
@ Business allocation
@ Advertising




Motivation and Challenges

A POls feature the function A Human mobility

I Differentiate between POls of
the same category

I Feature the function of a region
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Methodology Overview

A I\/Iapplng from regions to documents

Regionsd Documents

Functions? Topics

Mobility patternsA Words

POIsA meta data like Key words and authors

Observed words
(mobility patterns)

QG

K

Observed feature
vector (POI vector)

Zr,n m,n Uk b

Infer the topic distribution using a LD&ariant topic model



Mobility Pattems

A Transition: Tr=(r,A 1, to t,) |
A Mobility Patterns b /
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From Regions to Documents

Arriving Cuboid

2
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Authors, affiliation, and key words
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Temtory Identification

road

A Region aggregation

i Cluster regions according =
to topic distributions jams She

o =2 N WA~ 00 0O N o

I Aggregate individual
regions into big territories

sparse



Functionality Intensity Estimation

A Functionality varies geospatially
A Human mobility reflects the functionality density
A Using KerneDensityEstimation (KDE)
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Annotation of Termntones

road

Emergingesidentialareas

Regions undeconstruction
Developedesidentialareas
Developedcommercial/entertainmentreas
Areasof historicinterests

Natureandparks

Educatiorand scienceareas

1 Developing commercial/entertainment areas
o Diplomaticand embassygreas

N & R L o > B N R @ ¢
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Evaluation

A Datasets (2010 and 2011, Beijing)

N

POI Data Taxi trajectories | Road Netwdrks

17 corporate business .
24 shopping mall

Table 3: Statistics of taxi trajectories and road networks

7 living service 21  Chinese restaurant year 2010 2011
L Haxis 12,726 13,597
5 \ 2 #occupied trips 21,678,203 8,202,012
0 \ Ny | o S deffective days 112 92
201 1 2 average trip distance(km) 7.22 7.47
— 10t | & average trip duration(min) 15.98 16.1
g average sampling interval(sec) 74.46 70.45
» . #road segments 150,357 162,246
10°r || || || 1 2 percentage of major roads 18.9% 17.1%
e S LS - S  #segmented formal regions 565 554

2 6 10 14 18 22 26 30

size of “vocabulary” (non-0 items) 3.318.331 3,244,901
POI category code -




Results

A Baselines
Only using POI data (TBF)
Only using mobility data (LE#ased method)
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Evaluation

2010

road
8
7
6
)
4
Land use plannlng (20-10) Results of 2011 3
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Constructing Popular Routes from
UncertainTrajectories
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Constructing Popular Routes from Uncertain Trajectories

A Uncertain trajectories

I checkins or geetagged photos
I Taxi trajectories, trails of migratory birds
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Constructing Popular Routes from Uncertain Trajectories

A Goal:Using collective knowledge: The route may not exist in the dataset
I Mutual reinforcement learninguncertain+ uncertain4 certain)
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Concatenation

Mutual
reinforcement
construction
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Constructing Popular Routes from Uncertain Trajectories

A Problem

I Given a corpus of uncertain trajectories and
I auser query: some point locations and a time constraint
I Suggest the top k most popular routes
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Impact

9 nghquallty and influential publications

Best paper runneup award in ACM SIGSPATIAL GIS 2011
Best paper nominee ibiComp2011

Best paper award at international conference on advanced data mining
applications 2011.

KDD (4 WWW(2)UbiComig3), ICDE(2), AAAI(1), TKDE(2), TIST (1)

@ Media reports on togtier presses

T
I
-.-
I -

@ Potential realworld deployment

MIT Technology Review (3 tlmmatured twice)
MSNBC newfl)
NewScientis{1) :
alye | KAySas|

==

GovernmentsBeijing urban planning institute
MSproductteams: STB



DatasetdReleased

@ GeolLifeGPS trajectories

@ Generated by 178 users over 3 years

@ With transportation mode labels: driving, el T T
gt 1AY3IE O0A1LAYIZ 0c ottt
@ Annual release T f 1 hal M

Link to the data

@ T-Drive Taxi trajectories

@ Generated by Over 10,000 taxis in one
week in Beljing
@ 15 million points

@ Distance > Mnillion km _
Link to the data



http://research.microsoft.com/en-us/downloads/b16d359d-d164-469e-9fd4-daa38f2b2e13/default.aspx
http://research.microsoft.com/apps/pubs/?id=152883

