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URBAN SENSING & COMPUTING

1. INTRODUCTION
2. BIG DATA IN URBAN STUDIES

3. LESSONS FROM BIG DATA

Introduction

® Urban is a complex giant system;

® Problem we faced: traffic congestion, air pollution; sustainable development

® Big data, from earth observation system to our daily lift, providing a new way

to better understanding our world. Data is the new oil of the digital world.

Goals for Sustainable Development

"* ) SUSTAINABLE Fa
5% DEVELOPMENT s, ALS

16 PEACE. AISTIE

AOSTRONG.
gy SUSTAINABLE
DEVELOPMENT

GOALS

Sustainable Cities and Communities

SUSTAINABLE
DEVELOPM E T

GOALS

Join the conversation.

#action2015




2017-12-30

Traditional Way to Model Our World New Technologies to Understand Our World
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—Academician Zhou

Pan-space Urban Sensing is crossover study
investigating the use of digital sensors
(including remote sensing, internet of things,
wireless sensor network, citizen-sensing, et al.)

to obtain, compute, and analyze urban

soeds 2amead

Urban spatial development Urban construction and operation
Urban development strategy @ D

evelopment policy

Urban Planning Urban Management

dynamic environments to achieve more

sustainable and efficient cities.
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Pan-Space Urban Sensing

Olj Pan-space Urban Sensing Technology

Physical ‘
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Social-
economic Remote sensing Lidar photogrammetry  Street View mapping system
Space / N
Sensing urban physical structure with remote sensing techniques
SYEGV To get the basic information about our city, like land use/land cover, building,
rban
Space roads, greens, etc.

Pan-Space Urban Sensing

Olj Pan-space Urban Sensing Technology
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Social- o -
economic Human activities Human mobility

Space /

Sensing human activities or behaviors with spatio-temporal big data

SYEG' Understanding human dynamic distribution, mobility, and living behaviors
rban
Space with mobile phone or smart card data.

Pan-Space Urban Sensing

0[] Pan-space Urban Sensing Technology

Physical
Urban
Space

Human
Activity
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Social- ] ] )
economi 4 China economic census World economic trade with China

c Space

Sensing urban social-economic with census, 0T, and electronic business data
Cytl))er Using social-economic related geospatial big data to help better
Urban

understanding our social and economic system.
Space 9 Y

Pan-Space Urban Sensing

0[] Pan-space Urban Sensing Technology

Physical

Urban N

Space @

Human

Activity

= 3

Social- o

economic Internet social network Human emotions in Twitter
Space . \
Sensing urban in cyberspace with social media and mobile network
Syger i | Understanding citizen behavior or urban environment through online social
rban
Space media and study the relationship between physical and cyber urban space

Big Data in Urban Studies

Resea rban Sensing

‘j Pan-Space Urban Sensing Research

Model Dynamic Urban Structure

Sensing Chinese Dynamics

Social Sensing Urban Vibrancy

Sensing Citizen Emotion and PM,;
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Urban Big Data Center
(@ NS VINNHERVIELM A pan-space, multi-scale, dynamic China urban big database.
Big Data Center Data volume > 50 TB.

Parcel level AOlI level Building level POl level

Data Integration / Fusion

Data covers main cities in China. Pan-space
(physical, human, social-economic, and
cyber space) data were integrated or fused,
including but not limited to,

® Urban fundamental GIS data

® Census, Economic Census

® 365 * 24 hours MP positioning data

@ Social media checkins ......

Model Dynamic Urban Structure

Detailed Urban Land Use Classification

Problem: Remotely sensed imagery hard to tell the land use functions in urban area.

> Inferring urban detailed land use functions through pan-space

urban information with Tensor-based classification
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Sensing Chinese Dynamics
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Dynamic Population Distribution

Multiple ST data fusion

o .
p

Mobile Phone |7 ( Land use
positioning ‘
> Geospatial |{’|:| Census / <:| < |Ri nlgdht
Social media ‘ big data Geographi ight index
checkins cal data L

Census data

L

Hybrid high lution dy ic population distribution model
Pyt = flZm(x,y,m), 1 - LU,z - S, 3 - Ryt - TN, ... ]
Ey

Dynamic people distribution at multiple scale
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Social media data representativeness?

The Chinese American estimation based on Weibo checkins was validated with US Census in county level.

= Corr =0.905,
P<0.001

Chinese American Chinese American

(Based on 2010 US Census) (Estimated based on Weibo checkins)

del Chinese Mobility with Big Data

» Understanding individual human mobility is of fundamental importance for many
applications from urban planning to disease spreading and traffic forecasting

» We propose social media (Weibo) checkins as a proxy for human mobility, as it
relies on publicly available data and provides high resolution positioning when
users opt to geotag their posts with their current location.
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derstanding Chinese Mobility fi Weibo

» Chinese mobility patterns is measured by big data computational strategy for
identifying hundreds of millions of individuals’ space-time footprint trajectories;

» We discoveryed dialect-based culture ties control the Chinese mobility pattern;

» Our study provides solid evidence that Weibo checkins can indeed be a useful
proxy for tracking and predicting human movement.

10g(T,q / L) = 5, - log[Commuting,,; ]
+ f3, -log[Dialect,, |+ F, + F, +controls + &,

Human mobility drivers

(< 4
Social media data ’

| Teiedoy
LBSM database e;atrzi(?on

—_

spatial ecdnometrics
User t:jectory

— — Regional origin- |mddel
gestinatiosn The geography of
Caicbass matrix human mobility
—

The Geography of Cultural Ties and Human Mobility: Big Data in Urban Contexts, Annals of AAG, 2016
The Geographical Legacies of Mountains: Impacts on Cultural Difference Landscapes, Annals of AAG, 2017

Understanding Chinese Mobility from Weibo
City-level Chinese mobility
origin-destination (OD) matrix

City-level Chinese mobility
in geographical space

‘ Floating population in 6t Census ‘ ‘ Weibo estimated human mobility ‘
] E——
o'+ Corr. = 0.85 (p-value < QOAOOl)A &
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Model Chinese Mobility

= Cross-sectional OLS regression (in logs), city pairs

log(T /L,) = 3, - log[Commuting,, ]
+ f3, -log[Dialect,, |+ F, + F, +controls + &,

To/L, : mobility flows between city pairs/total Weibo user flows of the
origin city
= [Commuting]: commuting distance&time-(pecuniary mobility costs)
= [Dialect]: dialect distance- (non-pecuniary mobility costs)
= Fr: origin city fixed effect
= Fs: destination city fixed effect

= IV: historical dialect distance
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PM, 5 Air Pollution in Chi

China’s high level of ambient air pollution causes sickness, excess mortality risk.

Study health impact ---> Measure social cost ?

Model global hourly PM, s concentration with NASA MERRA2

zen Emotion Sensing and PM, 5

= SENTIMENT, =, +&,PM2.5, +a, X, +T, +7, +5,

‘ g‘?{'}ig;zzg machine / sentiment
~ “Weibos learning . - metric spatial PM,. ST
S— : 2.5
eco:ncg‘ngrlcs concentration

Control Variables
( Weather, event, income, city property etc.)

What a lovely weather! Let’s go camping. | natural language © 90
Today is heavily air polluted. My nose is stopped up. | machine learning @ 10

Main findings:

@ One standard deviation increase in the PM2.5 concentration is associated with a 0.05-0.06 standard
deviation decrease in the sentiment index.

® One standard deviation increase in the city’s PM2.5 concentration can be offset by a 6.5 thousand
RMB ($940) increase in the city-level annual wage.

Air pollution Impacts Urban Chinese Expressed Sentiment, paper under review

Emotion Sensing and Air Pollu

The Geography of Weibo posts, PM, s concentration and sentiment index,

and their national relationship.
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3 What can Urban Researcher Learn?

I Lessons from Big Data

Urban Data Scientist in Action
) » Domain Expertise
Acquisition ¢ pgthon m—‘
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Database LT D et
= ‘“‘""“. mongoDB
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Data Analysis /—,
(%osceo QR

» Math & Statistics

» Computing skill

Domain

Visualization @ é‘-) i it » CityEngine " Expertise
=

Web Vi
MapBox JavaScript eb Viewer




Urban Data Scientist
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Urban Data Scientist in Action

Source Data
O mongonn @l ik .-.’"-.?‘}'3. @ reds Q
Store Data > &
EEMorice s T mw‘; Hanse »
R for Data
Convert & ETL Science
Transform Data ‘N

Exploratory Analysis x &P\nmrwavm KNiME

ReveLyTion _—
wosetsuign | @R OSSE man T v julh e

Generate Insights 4 F 8 @ @ ces @ =7nama

visalisation  iptepti gD]oopiotz, E DGNOS' 18
Model Execution in ¢ P P B
Prodicion oo T C 7 AN oo ®Scala 2\

[ iAo e

Import / Visualise
=  JE
readr .
- ggplot2 || ggmap

Communicate

Transform

&

DATA SCIENCE
Python in Action

pUthon

@SciPy
’Numl’y
TPyl Trten ..,
pandas iy i s . learnn

¥ matplotlib

Data Collection

I quisition and Management

@
Everything ¢§E '

website

scraper

2 1 N

@ . ’ e
xml

sql excel
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Remote, Social and Urban Sensing
- S ST

Top-down ¥ a A Bottom-up
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Organization

Data
accessibility
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representation

Spatio-temporal
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Model
independence
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Small data and Big data

—

Wide data table with detailed
attribute but limited samples

Optimized samples are unbiased
but with large error-variance

Long data table with limited
attribute but massive samples

Samples may biased but with
small error-variance

Data fusion

BLUE estimator

Data Analysis

Model, Computing and Analyst

Data Driven Modelling

* Separate model
— Spatial analysis
— Time series analysis

Spatio-temporal model

— Statistical model

— Physical model for specific field
— Statistical + physical model

Spatio-temporal data driven model
— Machine learning

— Statistical deep learning

YM — Artificial intelligence algorithms

Statistics model

Full data driven model

ARTIFICIAL INTELLIGENCE
Engnesring of muwing intedigent
Machines s romams

MACHINE LEARNING
ut being

Caffe .., CNTK

MINERVA ~ mxnet theano " torch
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Geospatial Analysis in the Clou

coogetartningne | =i [

https://earthengine.google.com/

WSN ™

Wireless Sensor Networks
scale geospatial analysis for everyone

Google Earth Engine: Plan
", David Thau, Rebecea Moore

Google computational infrastructure
L)

> 5 Petabytes of Earth observation data
(imagery, weather, etc.)

Landsat

Sentinel Topography
MODIS Landcover
ASTER Weather
EO-1 Atmosphere
DMSP-0OLS Population

Analytic

Hansen et al. 2013. Science ) Pe;e\ et él. 20i6. Nalture . .
Mapping and Analysis

This is the first map of forest change that is globally consistent and locally relevant. What would
have taken|a single computer 15 years|to perform was completed in a matter of days using
Google Earth Engine computing.

Professor Matt Hansen, University of Maryland

|__D3js

N Data-Driven Documents https://d3js.org/ https://www.jasondavies.com/
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Cloud Cartography

* CARTODB

https://cartodb.com/ https://geohey.com,

@ MapBox

https://www.mapbox.com/

9 GEOHEY

b Map Development
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DEVELOFPER TOOLS

Deep Thinking in Action
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Cross-disciplinary cooperation !

Goodchild et al. (2012) PNAS:

“The supply of geographic information from satellite-based and ground-based
sensors has expanded rapidly, encouraging belief in a new, fourth, or “big data,”
paradigm of science that emphasizes international collaboration, data-intensive
analysis, huge computing resources, and high-end visualization.”

Thanks
Q&A

Collaborators: Yong Ge, Sigi Zheng, Wenjie Wu, Ying Long, Xingjian Liu, et al.
Acknowledgement: The National Natural Science Foundation of China
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