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Key Focuses and Challenges

A Sensingity dynamics
I Unobtrusively, automaticallynd constantly SN | L
i Avariety of sensorsMobile phones @S KA Of Sa s> Of "“* ——— I
I Humanas asensor:User generated@ontent(check in, photos, tweets)
A Loose control and unreliably data missing and skewed distribution

A Unstructured, implicit, and noisy data
A Trade off among energy, privacy and the utility of tfaa

A Computing with heterogeneous data sources
i DS2aLJ GAlIfS GSYLRZ2NIXtxZ az20Alf <
I Learn mutually reinforced knowledge across a diversity of data
I Efficiency + Effectiveness: Data Management + Mining + Machine Learning
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A Blending the physical and virtual worlds

I Serving both people and cities (virtually and physically)
i Hybridsystem¥ az20AfS b /f2dzZRE ONRGR

Yu Zhenget al. Urban Computing: concepts, methodologies, and applicatisi@®MTrans.on Intelligent Systems antechnology. 2014



http://research.microsoft.com/apps/pubs/?id=211950

Beijing road network2009-2011 -y, EAL A AR Fh (J N~ Al

—T]1

| SR

2011: 121,771 nodes and 162,246 segmet®s524km



N
=
+
.
4
/

4 }II+

;:f ﬁ_ ++j+ i.*ﬂ'

+
N
#e,
Y
Ha
+
e

+ +
pub/bar .
theaters +F

+F
+
+

++ 4
+
+
++






Air Quality Data

‘ Click on the for more detailed FORECAST
=0 v el Current AQI More Maps ot Hae GH JIMNE £ Scre CURRENT
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The tribal boundaries shown here are provided by the Bureau of Indian Affairs and are intended to Saginaw ("od) [l‘lﬁ] (73 )
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Meteorological data Weather Observatiomn Monthly Climste History

Temp Wind direction Accumlated Rainfall

129, Tmm

261C

Averape Temperature

24, 9°C

High Temperature

Humidity: 73% NE
36. 17

4—-7 Day=z Forecast .

Date weatherForecast Temperature wind
Tuesday Aug 20 | night n Shower Low: 23°C(73°F) £1%7km/h
day E Cloudy High: 30°C(86°F) £17km/h

Wednesday Aug 21
night u Cloudy Low: 22°C(72°F) £1%km/h
day E3 Sunny High: 20°C(84°F) £1%km/h

Thur=day Aug 22
night Sunny Low: 22°C(72°F) £17km/h
day m Sunny High: 32°C(90°F) £1%km/h

Friday Aug 23
night Sunny Low: 22°C(7T2°F) £17km/h




Checkin data

Checkins. Nightlife Spot

Checkin: Entertainment



Urban Noises

N ‘,._'
Q

B Air condition/Ventilation equipment [] Loud Music/Party [l Hom Honking Sign Requested ] others

. Alarms . Loud Talking . Jack Hammering . Private carting noise
B Banging/Pounding [] Loud Television  [Bl] Lawn care equipment B vehicle
Construction B Manufacturing
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Heat Maps of Beljing (2011)
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Urban Computing for Urban Planning



Infer air quality using big data
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When Urban AirMeets Big Data

KDD 2013

http:// urbanair.msra.cn/
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Background

@ Air quality monitor station

| 50kmx40k
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//upload.wikimedia.org/wikipedia/commons/a/a1/Edinburgh_air_quality_measurement_station_dsc06786.jpg
//upload.wikimedia.org/wikipedia/commons/a/a1/Edinburgh_air_quality_measurement_station_dsc06786.jpg

We do not really know the air quality of a location without
a monitoring station!
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InferringReat Timeand FineGrainedair quality
throughout a city usin@ig Data

P = P
DICTE % 7%
Meteorology POls Road networks
HO2 <= PM10 ;
BN N
,f”ﬁ—
Historical air quality data Readtime air quality reports |

Zheng, Y. et al. UAir: when urban air quality inference meets big data. KDD 2013



Difficulties

A Incorporate multiple heterogeneous data sources into a

learning model

I Spatiallyrelated data: POls, road networks
I Temporallyrelated data: traffic, meteorology, human mobility

A Data sparseness (little training data)

T Limited number of stations
I Many places to infer

A Efficiency request
I Massive data
I Answer instant queries

Zheng, Y. et al.U-Air: When Urban Air Quality Inference Meets Big DK2D 2013



http://research.microsoft.com/apps/pubs/?id=193973

Methodology Overview

A Partition a city into disjoint grids
A Extract features for each grid from itapactingregion

Meteorological features L AT Co

/" L

T

I Traffic features ([ 1| 1 | } } Al

I Human mobility features ~~\i®i

i POl features = By b Y o
AT

T Road networKeatures S < --- L -

I I
I I
1 T A T T

I | I I \ \ N \
I I i

A Cotraining-basedsemisupervised learning model for each

p 0 I | u tant Values Levels of Health Concern
By . 0-50 Good (G) Green
I Predict the AQI labels 51100 | Moderate (M) Yellow
- . 101-150 Unhealthy for sensitive groups (U-S) Orange
I Datasparsity
I Twoclassifiers 301500  Hazardous (H) Maroon

Zheng, Y. et al.U-Air: When Urban Air Quality Inference Meets Big DK2D 2013
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SemiSupervised Learning Model

A Philosophy of the model E &Qm%
i States of air quality 1% _® BmOL VY
A Temporal dependency in a location &Qm&

A Geocorrelation between locations ~ t|/ | * e

I Generation of air pollutants QW& ,5;?’
Sl I
A Emission from a location t % s /&

A Propagation among locations
(O A location with AQI labels

I Two sets of features . _
€ A location to be inferred

A Spatiallyrelated i———» Temporal dependency

A Temporallyrelated ~ LC __>_Spatia correlation |

————————————————————————————————

—>  Spatial Classifier i pois F,

|

l

|

1

~ Temporal Classifir |7 Ve b
|

<_i Human mobility: Fn ~ Temporal |

CoTraining

Zheng, Y. et al.U-Air: When Urban Air Quality Inference Meets Big DK2D 2013



http://research.microsoft.com/apps/pubs/?id=193973

SemiSupervised Learning Model

A Temporalclassifier (TC)

I Model the temporal dependency of the air quality in a location
I Using temporally relatefeatures
I Based on a Lined&hain Conditional Random Field (CRF)

A AN A

Fr(t-1) Fy(t-1) Fat-1) t-1  Frt) Fyt) Frt) t Fo(t+l) Ft+l) Fr(t+l) t+1

Zheng, Y. et al.U-Air: When Urban Air Quality Inference Meets Big DK2D 2013
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SemiSupervised Learning Model

A Spatialclassifier (SC)

I Model the spatial correlation between AQI of different locations
I Using spatiallyelated features
i Based on a BP neunaktwork

A Input generation

I Selectn stations to pair with
I Performm rounds

Zheng, Y. et al.U-Air: When Urban Air Quality Inference Meets Big DK2D 2013
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Learning Process of Our Model

Temporallyrelated features

Labeled data “ y Unlabeled data
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Spatiallyrelated features

Zheng, Y. et al.U-Air: When Urban Air Quality Inference Meets Big DK2D 2013
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Inference Process

Temporallyrelated features
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Evaluation

A Overall performance

%

Yu Zheng, et al.
U-Air: when urban air quality inference meets big data
KDD 2013
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