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Big Challenges in Big Cities



Big Data in Cities



Cities OSPeople

The Environment

Win

Win

Win

Urban 

Computing

Tackle the Bigchallenges 

in Bigcities 

using Bigdata! 

Urban Sensing & Data Acquisition

Participatory Sensing, Crowd Sensing, Mobile Sensing

Traffic
Road 

Networks
POIsAir 

Quality

Human 

mobility

Meteorolo

gy
Social 

Media
Energy

Urban Data Management
Spatio-temporal index, streaming, trajectory, and graph data management,...

Urban Data Analytics

Data Mining, Machine Learning, Visualization

Service Providing
Improve urban planning, Ease Traffic Congestion, Save Energy, Reduce 

Air Pollution, ...

Zheng, Y., et al. Urban Computing: concepts, methodologies, and applications. ACM transactions on Intelligent Systems and Technology.



Key Focuses and Challenges

ÅSensing city dynamics
ï Unobtrusively, automatically, and constantly

ï A variety of sensors: Mobile phones, ǾŜƘƛŎƭŜǎΣ ŎŀƳŜǊŀǎΣ ƭƻƻǇǎΣΧ

ï Human as a sensor: User generated content (check in, photos, tweets)
Å Loose control and unreliable Ą data missing and skewed distribution

Å Unstructured, implicit, and noisy data

Å Trade off among energy, privacy and the utility of the data

ÅComputing with heterogeneous data sources 
ïDŜƻǎǇŀǘƛŀƭΣ ǘŜƳǇƻǊŀƭΣ ǎƻŎƛŀƭΣ ǘŜȄǘΣ ƛƳŀƎŜǎΣ ŜŎƻƴƻƳƛŎΣ ŜƴǾƛǊƻƴƳŜƴǘŀƭΣΧ

ï Learn mutually reinforced knowledge across a diversity of data

ï Efficiency + Effectiveness: Data Management + Mining + Machine Learning

ÅBlending the physical and virtual worlds
ï Serving both people and cities (virtually and physically)

ï Hybrid systemsΥ aƻōƛƭŜ Ҍ /ƭƻǳŘΣ ŎǊƻǿŘ ǎƻǳǊŎƛƴƎΣ ǇŀǊǘƛŎƛǇŀǘƻǊȅ ǎŜƴǎƛƴƎΧ

Yu Zheng, et al.Urban Computing: concepts, methodologies, and applications. ACM Trans. on Intelligent Systems and Technology. 2014

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


Beijing road networks 2009-2011

2011: 121,771 nodes and 162,246 segments, 19,524km
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POI Data (2007 ς2012)





Air Quality Data



Meteorological data



Check-in: Entertainment

Check-in data

Check-ins: Nightlife Spot



Urban Noises



GPS trajectories of 33,000 taxis from 2009 to 2013





Heat Maps of Beijing (2011)



Finding Smart Driving Directions
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Anomalous Events DetectionY55Ωммand ICDM 2012

Passengers-Cabbie Recommender system
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Urban Computing for Urban Planning
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Real-time and large-scale dynamic ridesharing

Best paper Award in ICDE 2013 

Infer air quality using big data

Real-time city-scale gas consumption sensing

KDD 2013 

UbiComp2013 

UbiComp2014 

Diagnose urban noises using big data

Real-time gas consumption and pollution emission

KDD 2014 

KDD 2014 

Residential Real estate ranking and clustering



KDD 2013

http:// urbanair.msra.cn/

When Urban Air Meets Big Data

http://urbanair.msra.cn/


Background
Air quality monitor station
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We do not really know the air quality of a location without 
a monitoring station!



Inferring Real-Timeand Fine-Grainedair quality 

throughout a city using Big Data

Meteorology Traffic POIs Road networksHuman Mobility

Historical air quality data Real-time air quality reports

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

Å Incorporate multiple heterogeneous data sources into a 
learning model
ï Spatially-related data: POIs, road networks

ï Temporally-related data: traffic, meteorology, human mobility 

ÅData sparseness (little training data)
ï Limited number of stations

ï Many places to infer

Å Efficiency request 
ï Massive data

ï Answer instant queries

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

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


Methodology Overview

ÅPartition a city into disjoint grids

ÅExtract features for each grid from its impacting region
ï Meteorological features

ï Traffic features

ï Human mobility features

ï POI features

ï Road network features

ÅCo-training-based semi-supervised learning model for each 
pollutant
ï Predict the AQI labels

ï Data sparsity

ï Two classifiers

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

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


Semi-Supervised Learning Model

ÅPhilosophy of the model
ïStates of air quality 

ÅTemporal dependency in a location

ÅGeo-correlation between locations

ïGeneration of air pollutants
ÅEmission from a location

ÅPropagation among locations

ïTwo sets of features
ÅSpatially-related

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


Semi-Supervised Learning Model

ÅTemporal classifier (TC)
ï Model the temporal dependency of the air quality in a location

ï Using temporally related features

ï Based on a Linear-Chain Conditional Random Field (CRF)
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Fm(t-1) t-1Ft(t-1) Fh(t-1) Fm(t) tFt(t) Fh(t) Fm(t+1) t+1Ft(t+1) Fh(t+1)

Yt Yt-1

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

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


Semi-Supervised Learning Model

ÅSpatial classifier (SC)
ï Model the spatial correlation between AQI of different locations

ï Using spatially-related features

ï Based on a BP neural network

ÅInput generation
ï Select n stations to pair with

ï Perform m rounds
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Learning Process of Our Model
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Inference Process
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Evaluation

ÅOverall performance
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U-Air: when urban air quality inference meets big data. 

KDD 2013
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