
Urban Computing With City Dynamics 

Yu Zheng 
Ph.D., Researcher  

Microsoft Research Asia 



Students who have worked with me in urban computing 

Yin Lou 
@ Cornell 

Darshan 
@ ETH 

Jing Yuan 
@ USTC 

Ling-Yin Wei 
@ NCTU 

Kevin Zheng 
@ UQ 

Wei Liu 
@ U. Sydney 

C. Y. Zhang 
@ UNT 

Liuhang Zhang 
@ USTC 

Yanchi Liu 
@ USTB 

Hechen Liu 
@ U. Florida 



Outline 

Background  

Fundamental algorithms 

Application scenarios for end users 
Driving direction service 

Taxi recommendations 

Travel itinerary suggestion 

Other social applications 

Application scenarios for governments 
Anomaly detection 

Glean the problematic urban planning  

Discover regions of different functions 

 



Outline 

Background 

Fundamental algorithms 

Application scenarios for end users 
Driving direction service 

Taxi recommendations 

Travel itinerary suggestion 

Other social applications 

Application scenarios for governments 
Anomaly detection 

Glean the problematic urban planning  

Discover regions of different functions 

 



Virtual World 

Physical World 

Rural Spaces Urban Spaces Indoor Spaces 



Why Urban Computing 

50% of people live in urban areas (just 0.4% of earth surface) 

The greatest wave of urbanization is coming 

Beijing Shanghai 

2010 

Years ago 



City renewal Traffic jams Energy consumption 

Pollution Population City reconstruction 



Why Urban Computing 

Bigger cities do more with less ς from Scientific American 

Productive: economy, sciences, and technology  

Greener: less energy consumption per person 

1M people 1M people 

2M People 



²ƘŀǘΩǎ ¦Ǌōŀƴ /ƻƳǇǳǘƛƴƎ 

 

Urban computing is emerging as a concept where every sensor, 
device, person, vehicle, building, and street in the urban areas 
can be used as a component to sense city dynamics to enable a 

city-wide computing to tackle the challenges in urban areas as so 
to serve people and cities. 

Urban 
Computing 

Understanding 

Mining 

Sensing 

Improving 



Differences and Relations 

ÅSmart Cities 
ï Current cities ĄUrban computing ĄSmart cities  

ï Unobtrusively sensing (Leveraging what we already have) 

ÅInternet of IoT 
ï Infrastructure connecting objects 

ï Lack of human and social 

ÅCloud Computing 
ï Technology and platform 

ï Many urban computing scenarios can be built on the Cloud 



City Dynamics 

Scope 
Traffic flow 
Human mobility 
Energy consumption 
Environment 
Economic  
Populations  
ΧΧ 

Data available 
Mobile phone signal 
GPS traces of vehicles and people 
Ticketing data in public 
transportation systems 
User-generated content 
Transportation sensor networks 

Camera and loop sensors 
Parking lots 

Environmental sensor network 
Air quality 
Temperature 
Radiation 

Transaction records of credit cards 
ΧΦ 



 

Beijing road networks 2009-2011 

2011: 121,771 nodes and 162,246 segments, 19,524km 

32 km 

40 km 



POI Data (2007 ς 2012) 





 

tŜƻǇƭŜΩǎ ƭƻŎŀǘƛƻƴ ƘƛǎǘƻǊȅ όǘǊŀƧŜŎǘƻǊƛŜǎύ ƛƴ .ŜƛƧƛƴƎ 



 



 

tŜƻǇƭŜΩǎ check-in data in LBSNs 

¢ƘŜ ŦƛƎǳǊŜ ƛǎ ŦǊƻƳ ŀ !!!LΩмн ǇŀǇŜǊ ƻŦ ǇǊƻŦΦ Wŀǎƻƴ IƻƴƎ 



GPS trajectories of 33,000 taxis in 2009, 2010, and 2011 



GPS-equipped taxis are mobile sensors 





Rank  Cities  Countries/Regions  Taxicabs  

1  The Mexico city  Mexico  103,000 

2  Bangkok  Thailand  80,000 

3  Seoul  South Korea  73,000 

4  Beijing  China  67,000  

5  Tokyo  Japan  60,000  

6  Shanghai  China  50,000 

7  New York City  USA  48,300  

8  Buenos Aires  Argentina  45,000  

9  Moscow  Russia  40,000  

10  St.Paul  Brazil  37,000  

11  Tianjin  China  35,000  

12  Taipei  Taiwan  31,000 

13  New Taipei City  Taiwan  23,500  

14  Singapore  Singapore  23,000  

15  Osaka  Japan  20,000  

16  Hong Kong  China  18,000 

17  Wuhan  China  18,000  

18  London  England  17,000  

19  Harbin  China  17,000  

20  Guangzhou  China  16,000 

21  Shenyang  China  15,000 

22  Paris  France  15,000  



Finding Smart Driving Directions 

!/a {LD{t!L¢![ DL{Ωмл ōŜǎǘ ǇŀǇŜǊ ǊǳƴƴŜǊ-ǳǇΣ Y55Ωмм 

Anomalous Events Detection Y55Ωмм 

Passengers-Cabbie Recommender system 

¦ōƛŎƻƳǇΩмм 

Urban Computing for Urban Planning 

¦ōƛŎƻƳǇΩмм .Ŝǎǘ ǇŀǇŜǊ ƴƻƳƛƴŜŜ 

Discovery of Functional Regions 

Y55Ωмн 

Route Construction from Uncertain Trajectories  (a)

(b)

(c) (d) (e)

Y55Ωмн 
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Fundamental Algorithms 

Map-matching  

Map segmentation 

Stay point detection 

 



Map-matching 

ÅProject a trajectory onto a road network 

ÅA fundamental step in many transportation applications 
ï Navigation and driving 

ï Traffic analysis 

ï Taxi dispatching and recommendations  

a

b c d e

Yin Lou, Chengyang Zhang, Yu Zheng. Map-Matching for Low-Sampling-Rate GPS Trajectories.  ACM SIGSPATIAL GIS 2009 

http://research.microsoft.com/apps/pubs/?id=105051
http://research.microsoft.com/apps/pubs/?id=105051
http://research.microsoft.com/apps/pubs/?id=105051
http://research.microsoft.com/apps/pubs/?id=105051
http://research.microsoft.com/apps/pubs/?id=105051
http://research.microsoft.com/apps/pubs/?id=105051
http://research.microsoft.com/apps/pubs/?id=105051


Map-matching 

Å Challenges (low-sampling rate) 

Å Solution 
ï Consider both local and global information 

ï Incorporating both spatial and temporal features 

pa

pb

pc
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Yin Lou, Chengyang Zhang, Yu Zheng. Map-Matching for Low-Sampling-Rate GPS Trajectories.  ACM SIGSPATIAL GIS 2009 

http://research.microsoft.com/apps/pubs/?id=105051
http://research.microsoft.com/apps/pubs/?id=105051
http://research.microsoft.com/apps/pubs/?id=105051
http://research.microsoft.com/apps/pubs/?id=105051
http://research.microsoft.com/apps/pubs/?id=105051
http://research.microsoft.com/apps/pubs/?id=105051
http://research.microsoft.com/apps/pubs/?id=105051


Map-matching 

ÅBasic Solution 
ïFind candidate road segments for each GPS point 

ïCalculate local and global features 

ïDynamic programing 
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Map-matching 

ÅAdvanced solution 
ïMutual influence 

ïWeighted influence 

a b c d e

f

Jing Yuan, Yu Zheng, et al. An Interactive-Voting based Map Matching Algorithm. In MDM 2010. 

http://research.microsoft.com/apps/pubs/?id=121065
http://research.microsoft.com/apps/pubs/?id=121065
http://research.microsoft.com/apps/pubs/?id=121065


Map Segmentation 

ÅPartition a map into disjoint regions 

ÅThree possible methods 

Nicholas Jing Yuan, Yu Zheng, Xing Xie. Segmentation of Urban Areas Using Road Networks. MSR-TR-2012-65. 2012.  

http://research.microsoft.com/apps/pubs/?id=168518


Heat Maps of Beijing (2011) 

Nicholas Jing Yuan, Yu Zheng, Xing Xie. Segmentation of Urban Areas Using Road Networks. MSR-TR-2012-65. 2012.  

http://research.microsoft.com/apps/pubs/?id=168518


Map Segmentation 

ÅMorphology-based segmentation method 
ïRepresent a road network with a raster model  

ïDilation 

ïThing 

ïConnected component labeling 

 

 

Nicholas Jing Yuan, Yu Zheng, Xing Xie. Segmentation of Urban Areas Using Road Networks. MSR-TR-2012-65. 2012.  

http://research.microsoft.com/apps/pubs/?id=168518


Stay Point Detection 

ÅStay point:  
ïA location where an individual has stayed for a while (t) within a 

distance threshold (d) 

ïCarry semantic meanings than other points 

ïDoes not only mean remaining stationary 

Entrance/Exit

>100 meters

2
0
0
 m

e
te

rs

>150 meters
>100 meters

A) Visiting a shopping mall B) Walking along a beach C) Traveling around a landmark

A B

C



Stay Point Detection 

ÅApplications  
ïModeling human location history or human mobility 

ïParking place detection 

p4

p3

p5

p6

p7

A Stay Point S
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      Latitude, Longitude, Time

p1:     Lat1,     Lngt1,       T1

p2:     Lat2,     Lngt2,       T2

         ééé...

pn:     Latn,     Lngtn,       Tn



Stay Point Detection 

ÅSolution 
ïA sort of density based clustering 

ïTwo thresholds: t and d  

ïTwo version presented in two papers 
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Jing Yuan, Yu Zheng, et al, Where to Find My Next Passenger? , UbiComp 2011  

Quannan Li, Yu Zheng, et al. Mining user similarity based on location history. ACM SIGSPATIAL GIS 2008 
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Finding Smart Driving Directions 



Driving Direction Based on Taxi Trajectories 

A time-dependent, user-specific, and self-adaptive 
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 runner-up award and a publication on KDD 2011 



Driving Direction Based on Taxi Trajectories 
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