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Zheng, Y., et al. Urban Computing: concepts, methodologies, and applications. ACM TIST.
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Å Challenges & Research Topics

Sampled data Ą Biased distribution

Data sparsity Data missing

Resource deployment
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Urban Sensing Challenges - Resource deployment

Candidate selection is could be a NP-

hard Problem 

Y. Li,  et al. Mining the Most Influential k-Location Set From 

Massive Trajectories. IEEE Transactions on Big Data. 2017

Hard to define a measurement for 

evaluating the deployment

Hsieh H.P, S.D. Lin & Yu Zheng 

[KDD2015]

https://www.microsoft.com/en-us/research/publication/mining-influential-k-location-set-massive-trajectories-2/


Urban Sensing Challenges - Biased Samples

Sampled Data Ą Biased Distribution

Taxi flow Entire traffic flow

B) Sensing traffic flow based on taxicabs       

Jingbo Shang,Yu Zheng, et al. Inferring Gas Consumption and Pollution Emission of Vehicles throughout a City, KDD 2014

Samples

Other points

A) Data

Taxi Flow       Ą Entire Traffic Flow

Samples 

Others 

http://research.microsoft.com/apps/pubs/?id=217455


Urban Sensing Challenges - Data Sparsity

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

Fine-grained Air Quality throughout a City

https://www.microsoft.com/en-us/research/publication/u-air-when-urban-air-quality-inference-meets-big-data/


Urban Sensing Challenges - Data Missing

ÅLost data that is supposed to receive because of communication or device errors

ÅDifficult to fill

Å Randomly missing and block missing 

Å Readings changing over time and location non-linearly

Xiuwen Yi, Yu Zheng, et al. ST-MVL: Filling Missing Values in Geo-sensory Time Series Data. IJCAI 2016 

http://research.microsoft.com/apps/pubs/?id=264768
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ÅUrban Data: Why unique

Å Data structures

Å Spatio-Temporal dynamics

Urban Big Data

Spatio-temporal Data





Points of Interests

Road Networks

Air quality/Meteorology

Traffic flow Trajectories

Check-in Data
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Spatiotemporal Data in Cities

Yu Zheng. Trajectory Data Mining: An Overview. ACM Transactions on Intelligent Systems and Technology. 2015, vol. 6, issue 3.

http://research.microsoft.com/apps/pubs/?id=241453


ÅSpatial hierarchy

ÅDifferent spatial granularities

ÅCity structures
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ÅSpatial Properties 

Junbo Zhang, Yu Zheng, et al. Deep Spatio-Temporal Residual Networks for Citywide Crowd Flows Prediction, AAAI 2017

ÅSpatial Distance

Å Spatial correlation

Å Triangle inequality: ȿὨ Ὠȿ Ὠ ȿὨ Ὠȿ

Why Spatiotemporal Data is unique

https://arxiv.org/abs/1610.00081


Junbo Zhang, Yu Zheng, et al. Deep Spatio-Temporal Residual Networks for Citywide Crowd Flows Prediction, AAAI 2017

Why Spatiotemporal Data is unique

Temporal Properties 

Temporal closeness Period Trend

https://arxiv.org/abs/1610.00081
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ÅChallenges to Data Management

ÅChallenges to Data Analytics



Challenges Posed to Urban Data Management

Å Large-scale and highly dynamic Ą cloud computing

Å Cloud computing platforms do not support ST Data well

Å Unique ST data structures: trajectories (the most complex ST Data)

Å Unique queries: ST-Range queries and KNN queries rather than key words 

Å Data across different domains: Hybrid indexing for managing multi-modality data

KNN QueriesRange Queries

...

Spatial Index

Temporal 

Index

Hybrid indexing Trajectories

Jie Bao, et al. Managing Massive Trajectories on the Cloud, ACM SIGSPATIAL 2016

https://www.microsoft.com/en-us/research/publication/managing-massive-trajectories-cloud/


Example 1

Detecting Vehicle Illegal Parking Using 

Sharing Bikes® Trajectories



Detecting Vehicle Illegal Parking Using Sharing Bikesõ Trajectories

T. He, J. Bao, R. Li, S. R., Y. Li, C. Tian, Y. Zheng.Detecting Vehicle Illegal Parking Events using Sharing Bikes' Trajectories. KDD 2018
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Detecting Vehicle Illegal Parking Using Sharing Bikesõ Trajectories
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Detecting Vehicle Illegal Parking Using Sharing Bikesõ Trajectories



Detecting Vehicle Illegal Parking Using Sharing Bikesõ Trajectories

T. He, J. Bao, R. Li, S. R., Y. Li, C. Tian, Y. Zheng.Detecting Vehicle Illegal Parking Events using Sharing Bikes' Trajectories. KDD 2018



ÅUrban Data Analytics

ÅTexts and images Ą spatial and spatiotemporal data; (encoding 

spatiotemporal properties)

ÅMining a single data source Ą Mining data across different domains

ÅPure machine learning Ą Visual and interactive data analytics

Challenges Posed to Urban Data Analytics



Example

Crowd Flow Prediction

Challenge 1: Encoding spatiotemporal properties in machine learning models



Predicting Crowd Flows throughout a City

ÅPredict in and out flow of crowds

ÅIn each grid

ÅOver the next few hours

ÅChallenges

ÅComplex and dynamic factors

ÅEncoding spatiotemporal properties



Trajectories

time



recentneardistant

Junbo Zhang, Yu Zheng, et al. Deep Spatio-Temporal Residual Networks for Citywide Crowd Flows Prediction, AAAI 2017

Å Capture temporal closeness, period, and trend

Å Capture external factors

Å Capture spatial correlation of both near and far distances

Å Residual learning to help training 

ST-ResNetArchitecture: 
A Collective Prediction

‫ȟȟ‫ȟȟ‫ȟ Ễ
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Å Fusing factors differently in different regions

https://arxiv.org/abs/1610.00081


Predicting Crowd Flow Using AI

Junbo Zhang, Yu Zheng et al. Predicting citywide crowd flows using deep spatio-temporal residual networks. AI Journal



Multitask Deep Learning Framework

Junbo Zhang, Yu Zheng, et al. Flow Prediction in Spatio-Temporal Networks Based on Multitask Deep Learning, TKDE 28



Example

Air Quality Inference and Forecasting

Challenge 2: Mining data across different domains



Air Pollution: A Global Concern !

Air quality monitor stationPM2.5, PM10, NO2, SO2, CO, O3
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We do not really know the air quality of a location 
without a monitoring station!



Inferring Real-Time and Fine-Grained air quality throughout a city

Meteorology Traffic POIs Road networksHuman Mobility

Historical air quality data Real-time air quality reports
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Zheng, Y., et al. U-Air: When Urban Air Quality Inference Meets Big Data. KDD 2013

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


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

Fine-Grained and Real- time Air Quality Inference

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






Semi-Supervised Learning Model

ÅPartition a city into disjoint grids

ÅFeatures from different datasets

ÅEncoding spatiotemporal properties

ÅTemporal dependency in a location

ÅGeo-correlation between locations

ÅDomain knowledge

ÅEmission from a location

ÅPropagation among locations

ÅCo-training-based inference model

Spatial Classifier

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

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


Forecast Air Quality over the next 48 hours

Xiuwen Yi, Junbo Zhang, et al. Deep Distributed Fusion Network for Air Quality Prediction .  KDD 2018

http://urban-computing.com/pdf/kdd2018AirPrediction-camera.pdf


Methodologies for Cross-Domain KnowledgeFusion

ÅStage-based data fusion

ÅFeature-level-based data fusion
ÅFeature concatenation + regularization

ÅDNN-based

ÅSemantic meaning-based fusion

Yu Zheng. Methodologies for Cross-Domain Data Fusion: An Overview. IEEE Transactions on Big Data
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http://research.microsoft.com/apps/pubs/?id=252114


Example

Selecting locations for charging stations

Challenge 3: Visual and interactive data analytics 



Finding Top-k Most Influential Location Set

A submodular maximization

problem, NP-hard
Interactive Visual Data Analytics

S̄martAdP: Visual Analytics of Large-scale Taxi Trajectories for Selecting Billboard Locations°, VAST 2016

https://www.microsoft.com/en-us/research/publication/smartadp-visual-analytics-large-scale-taxi-trajectories-selecting-billboard-locations/
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ÅUrban computing platforms

ÅBuilding City OS Ą an ecosystem

http://ucp.jd.com/

Å Six Spatio-temporal (ST) data models

Å ST data management

Å ST machine learning

Å Cross-domain machine learning



Urban Computing Platform http://ucp.jd.com
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