a0 H 1M
2015 4F 1 A

VRGN S S I S

Geomatics and Information Science of Wuhan University

Vol. 40 No. 1
Jan. 2015

DOI:10. 13203 /3. whugis20130095

XEHE.1671-8860(2015)01-0000-00

A 7 R R

0

=1,2,3

1 W5 B, AL 5T, 100080
2 A KA B A B s . 200240
3 PA S KIS B R E S H R F B, U1 ALHE, 610031

B OERTFTHAAANAZPIPARFTART T . ERFAYN LB RR. IR ALFFEFFFAREY
AR, SR F R R BRI A A AT P S A B KA R M ARR T @ i e Bk, A8
THRFHIGEZ L AERF I LML P METRT L L A AREZGHEK,

KW R T L KEEN T HIEI>M R T Bsm
FEESES. XEKARERD A

Ik i P A R T B ATT BRA AR 19 AR 0 L R[] i
s o T AR 2 1) A Bk A A TS B L A8
B CREABHG I AR v )5 AF . T I BB AR
ST S LA DR IX 28 R] R AE AR 22 4F i A R JLP AR
ATRE . ATARR L B EORBOAR R SR B R
A b R A Sk iy LA SR T AR L AN SSE R R
B TE B8R AT RS gl B A A SRS L
A AT L 3 28 B AN AT L B IR s e S 3
A AE PR 1) 8L A T P A Sk bl 3ok i T T 1 14
PR Il T B R P ST R 1 DR R i ke
Sl T AS B P T i ) PR, T8 S 2 e e A 1Y
BES O3HTAIAZ A L R AR ORI AN BE L I Lk
B REA B N -PRBE IR = AR

1 Wit BRI EMIES

L1 WHitENEX

W THIRE — A S R BE R AT RHLRL
AT O 5 5% S 30 MR 580 L R UL PR LA
M B S B A B % G R R
Y T T B — 3 A A T AR IR S R 3 AT I
T H 22 0 S5 Mg DR AT DR Ak 2 T BT T I Y Pk A
CUN PR S5 A 5 e 91 5 | RE FE 1 L Rl 9% 5 25D
A AR o ST T SR 0 Ak AN A Y R BOR v AL

Y5 B H5:2014-00-00

P4 5 A5 SR A A B A B A Y AT A A R
g4 BUO TR A T AT &R PR R R
ER T8 e 305 . T VAR A B AT 3 A 45 ok
T B 52 014 A4 o, S 2 000 3 T ) A Ok

1.2 WHitENES

B1 25 7 3T T 5A A BE A HE ZR L 4 455 S Tl
JRRORI S SO A A Ik i A0 A L I i AR A B
M55 $& it 4 DFRYT . 5 HARTE S /RS A 31
SRS AT S5 R G AE L T AR R — A
“ZRIEZATSE TN RS W AT S
S I T R L % i 5 B I DR E AR IR EE U
R EIHFESE AL — N E 55 rh SO B[R] B 3
ZRBRE . He AR R B R,
(] Fof 2 2% 0 PR 5 4 L B A A3 A 5838 I 5 22 R AL
1.3 it &R %l i@ &3

3T TR — S BT % B8 SR L R e T
J7o ISR 2 10 BE R HOAK O ) 3
W LI 4 N7,

D3R8 5D o el F) A 38T o 34 1Y
PRGN FAL AL B L AN SRR TR A
A TG BRI T A B b ) 3 8 R T (3 A, 2
— BT R, an ] DO S A A% Sk T
2 v iR T AT AR | A% SR P R A

F—EE BF L SO IS BE AT 5L, E BRGSO A B A R S T B AR . b MIT BHETF IR
PR H QDI A (MIT TR35) A A BACADR & AR LT RE AR AP, 2014 48, il F 2 3 S 0380 758 B4 B KB/l ar
SRR AT A = (T T s gl O & ) RE 3 S R E 40 47 40 % LR R AURS 3 . E-mail : yuzheng(@microsoft. com



2 RO K

fz B B2 R 2015 4E 1 A

[LEan i
&ﬁﬁmﬂﬂ\ﬁﬁﬁﬁﬁﬁf%%%ﬁ\%ﬁ%ﬁﬁ%”

ST SR A
Bt BRI, Bl S BT
t

Ik i BB
RG], s, PUsEER SR g, AR R

EEEEEECO

NI A 2 % AR R R Dl

I T RS M A SR
5 RGN, BN AN B AN
T

I *

|
.,

B ————>

%k

: 1 ﬁ i

e unl - Il I ~
8 80 &> |

=® 32 g
Sl @8>

|
-~

1 Blorid 153 A B A HiE 28
Fig. 1 Framework of Urban Computing
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Fig. 2 Categories of Applications in Urban Gomputing
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Fig. 3 Glean Problematic Design from Urban
Road Networks
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Fig. 4 Identify Functional Regions of a City
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Fig. 5 Estimate Travel Time of a Path Based

on GPS Trajectories
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Fig. 6 T-Drive: A Landmark-Graph-Based System
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Fig. 7 Solutions for Improving Urban Taxi Services
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Fig. 8 When Urban Air Quality Meets Big Data
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Fig. 9 311 Complaint Data in New York City
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Fig. 10 Diagnose Urban Noises
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Fig. 11 Infer the Queuing Time and Gas Consumption

of a Gas Station
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Fig. 12 Estimate Gas Consumption and Vehicle

Emissions on Roads
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Fig. 13 Identify the Most-Likely Route from Uncertain
Social Media
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Abstract: Urbanization’s rapid progress has led to many big cities, which have modernized people’s
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lives but also engendered big challenges., such as air pollution, increased energy consumption and traf-
fic congestion. Tackling these challenges can seem nearly impossible years ago given the complex and
dynamic settings of cities. Nowadays, sensing technologies and large-scale computing infrastructures
have produced a variety of big data in urban spaces, e. g. human mobility, air quality, traffic pat-
terns, and geographical data. The big data implies rich knowledge about a city and can help tackle
these challenges when used correctly. Urban computing is a process of acquisition, integration, and a-
nalysis of big and heterogeneous data generated by a diversity of sources in urban spaces, such as sen-
sors, devices, vehicles, buildings, and human, to tackle the major issues that cities face. Urban com-
puting connects unobtrusive and ubiquitous sensing technologies, advanced data management and ana-
lytics models, and novel visualization methods, to create win-win-win solutions that improve urban
environment, human life quality, and city operation systems. This article introduces the concept of
urban computing and its main application scenarios. It also discusses the key research problems and
major methodologies of urban computing from the perspective of computer sciences.

Key words: urban computing; big data; spatio-temporal data analytics; urban sensing
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