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— Zheng, Y., et al. Urban Computing: concepts, methodologies, and applications. ACM TIST.
— i o Providing Services -
: Ease traffic, tackle air pollution, save energy
R Urban Data Analytics
Machine Learning, Pattern Recognition, Visualization
[

Urban Data Management
Spatial and Spatiotemporal indexes, graph data management
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Urban Sensing
Participatory sensing, crowd sensing
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Urban Sensing
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~ Building the Urban Computing Platform

Urban Resources



Urban Sensing

» Challenges & Research Topics

® Samples

¢ Other points
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Providing Services —

{

Urban Data Analytics

T

Urban Data Management

Human . Air Social  Road
Mobility Traffic o iy, Meteorology  Media Network PC!

Urban Sensing

Data sparsity Data missing
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Urban Sensing Challenges- Resource deployment

Candidate selection is could be a NP-
hard Problem
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Y. Li, et al. Mining the Most Influential k-Location Set From
Massive Trajectories. [EEE Transactions on Big Data. 2017

JD iCity

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/
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Urban Sensing Challenges- Biased Samples ID iCity

Sampled Data - Biased Distribution

Samples
Taxi Flow - Entire Traffic Flow ® Others

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



http://research.microsoft.com/apps/pubs/?id=217455
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Urban Sensing Challenges - Data Sparsity ID iCity

Limited Air Quality Sensors Fine-grained Air Quality throughout a City

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



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

Urban Sensing Challenges - Data Missing W’:‘Iﬁﬂt’,

®* Lost data that is supposed to receive because of communication or device errors

® Difficult to fill
®* Randomly missing and block missing
® Readings changing over time and location non-linearly
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A) Missing situation A) Geo-location of sensors B) Air quality index over time

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


http://research.microsoft.com/apps/pubs/?id=264768

Urban Big Data

Urban Data: Why unique
¢ Data structures
® Spatio-Temporal dynamics

Spatio-temporal Data

Providing Services —

Urban Data Analytics
Urban Data Management
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Spatiotemporal Data in Cities

Spatio-temporal Spatial Static Spatio-Temporal
Static Data Temporal Dynamic Data Dynamic Data
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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

Why Spatiotemporal Data is unique

® Spatial Properties

® Spatial Distance ¢ Spatial hierarchy
® Spatial correlation *® Different spatial granularities
®* Triangle inequality: |d; — d,| < d; < |d; + d,| * City structures
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Junbo Zhang, Yu Zheng, et al. Deep Spatio-Temporal Residual Networks for Citywide Crowd Flows Prediction, AAAI 2017



https://arxiv.org/abs/1610.00081

Why Spatiotemporal Data is unique

Temporal closeness

Time Interval(hour)

Junbo Zhang, Yu Zheng, et al.

Temporal Properties
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Deep Spatio-Temporal Residual Networks for Citywide Crowd Flows Prediction, AAAI 2017



https://arxiv.org/abs/1610.00081

Urban Data Mining

Challenges to Data Management

Challenges to Data Analytics

Providing Services —
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Urban Data Analytics

T

Urban Data Management
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Challenges Posed to Urban Data Management

® Large-scale and highly dynamic - cloud computing
® Cloud computing platforms do not support ST Data well
® Unique ST data structures: trajectories (the most complex ST Data)
® Unique queries: ST-Range queries and KNN queries rather than key words
¢ Data across different domains: Hybrid indexing for managing multi-modality data

Trajectories Range Queries KNN Queries Hybrid indexing
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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 lllegal Parking Using
Sharing Bikes’ Trajectories



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




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



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



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



Challenges Posed to Urban Data Analytics

¢ Urban Data Analytics

¢ Texts and images > spatial and spatiotemporal data; (encoding
spatiotemporal properties)

® Mining a single data source - Mining data across different domains

®* Pure machine learning - Visual and interactive data analytics



Challenge 1: Encoding spatiotemporal properties in machine learning models

Example

Crowd Flow Prediction



Predicting Crowd Flows throughout a City

® Predict in and out flow of crowds
® Ineachgrid
® OQver the next few hours

® Challenges
® Complex and dynamic factors
® Encoding spatiotemporal properties
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ST-ResNet Architecture:
A Collective Prediction
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Capture temporal closeness, period, and trend
Capture external factors
Capture spatial correlation of both near and far distances
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Junbo Zhang, Yu Zheng, et al. Deep Spatio-Temporal Residual Networks for Citywide Crowd Flows Prediction, AAAI 2017



https://arxiv.org/abs/1610.00081




Multitask Deep Learning Framework

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




Challenge 2: Mining data across different domains

Example

Air Quality Inference and Forecasting



Air Pollution: A Global Concern !

PM2.5, PM10, NO,, SO,, CO, O3 ® Air quality monitor station



//upload.wikimedia.org/wikipedia/commons/a/a1/Edinburgh_air_quality_measurement_station_dsc06786.jpg

g AT

REFiEE

] G
~  EER RIS B

Rlumz

1
\\., xZh A HTKIE
i g
= "hﬁ-" ZASce /
A ;ﬁﬂ'ﬁ"w__ I\ ®
X / 4
i,_/m \wﬁuﬁﬂ = :ggggm%’__wﬁ_f“*"‘—*mh =
= AT Ty amEr | mogz &) ﬁ'ﬁ
Z0N g ]
S PEEY \
S AEEHR e
KEWE KEKE&EE SER i ]
e TR
H“'\\S\ REEL
. FEtER S S .
Sh Eng-,g =20
o BOSH
Hig P .g
tHB =it ] gj&g,. lﬁl(
P
HEPR ek / D =R
B
)
L 4
TESE /; m
PSS}
s FHEER

BEE
K '



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

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



http://research.microsoft.com/apps/pubs/?id=193973
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Fine-Grained and Real-time Air Quahty Inference
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http://research.microsoft.com/apps/pubs/?id=193973
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Semi-Supervised Learning Model

Partition a city into disjoint grids
Features from different datasets
Encoding spatiotemporal properties
® Temporal dependency in a location
® Geo-correlation between locations
Domain knowledge

¢ Emission from a location

® Propagation among locations
:Trafﬁc F, Meteorologic: Fy,
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Co-training-based inference model

Zheng, Y., et al. U-Air: When Urban Air Quality Inference Meets Big Data. KDD 2013
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http://research.microsoft.com/apps/pubs/?id=193973

Forecast Air Quality over the next 48 hours
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http://urban-computing.com/pdf/kdd2018AirPrediction-camera.pdf

Methodologies for Cross-Domain Knowledge Fusion

¢ Stage-based data fusion

®* Feature-level-based data fusion

® Feature concatenation + regularization
® DNN-based |

® Semantic meaning-based fusion
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Yu Zheng. Methodologies for Cross-Domain Data Fusion: An Overview. IEEE Transactions on Big Data



http://research.microsoft.com/apps/pubs/?id=252114

Challenge 3: Visual and interactive data analytics

Example

Selecting locations for charging stations



Using: Guiyang Taxi Trajectory v

Target Area

i Loading...

Entire city will be used.

Solution Area

Q Mark favorite places

No area selected.

Solution Parameters
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Normal Trajectory Weight: 1
Target Trajectory Weight: 2
Temporal Filter: All
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A submodular maximization

Interactive Visual Data Analyti
nteractive Visual Data Analytics problem, NP-hard

“SmartAdP: 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/

Providing Services —
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Urban Data Analytics

Providing Services

* Urban computing platforms !
. _ Urban Data Management
» Six Spatio-temporal (ST) data models A
« ST data management . .
« ST machine learning iy Traffic Qi Meteorology Socal Road po,

» Cross-domain machine learning
Urban Sensing

® Building City OS - an ecosystem
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Urban Computing Platform http://ucp.jd.com

Finance Utban Environment
& Transportation ) & E-Government
Economy Planning Energy



http://ucp.jd.com/

http://ucp.jd.com
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http://ucp.jd.com/

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

Finance ‘ Utban Environment Public
& Transportation ) & E-Government
Economy Planning Energy Safety



http://ucp.jd.com/
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http://ucp.jd.com/

http://ucp.jd.com

The Platform adopts an open structure providing enterprise users


http://ucp.jd.com/
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Summary

X

Framework of urban computing

X

X

Unique spatio-temporal data

X

Urban computing platform - City OS

X

Research challenges, topics and techniques

Many more challenges beyond technology...
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Urban Data Management
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A text book

MIT Press

Thanks!
Dr. Yu Zheng, JD Digits

msyuzheng@outlook.com

http://urban-computing.com/yuzheng
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Data Scientist Models and Algorithms R

JD iCity
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