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Jean-Claude Thill

jean-claude.thill@charlotte.edu

Keynote Speech

University of North Carolina at Charlotte

B Geo Al- The New Frontier in Health Systems Modeling

Geospatial Artificial Intelligence
(GeoAl) has emerged over the past
few years as a significant spatial
analytical framework for data-in-
tensive GIScience. It stands at the
intersection of artificial intelligence
and machine learning on the one
hand, and geospatial thinking and
spatial analysis on the other hand.
This talk discusses some of the
recent trends in this respect and
addresses the contribution of
GeoAl to the study of infectious
disease transmission and human
health conditions. It is argued that
GeoAl makes a considerable contri-
bution to the understanding and
prediction of the spatio-temporal

dynamics of a disease across
population. Three related studies at
the cutting edge of research in this
area are presented to demonstrate
the transformational nature of the
contribution made by GeoAl in
health systems modeling.
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Geo + Al

. GeoAl, aka Geospatial Artificial Intelligence

. Geospatial studies using analytical approaches of artificial
intelligence
- Spatially explicit
- Artificial intelligence (Al)

« Any technique that enables computers to mimic human intelligence (using logic, if-
then rules, decision trees...)

* Machine learning is often seen as a part of Al

- What is behind the plethora of terms: GIS, GIScience,
Geoinformatics, GIS&T, spatial analysis, geocomputation, geospatial
analytics.... and GeoAl

UNIVERSITY OF NORTH CAROLINA
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Geo + Al

- How new is GeoAl?
« Not clear who coined the term

« Old wine in a new bottle?
» Spatial analysis is one of the pillars of GIScience (UCGIS)

» Spatial analysis as well as other themes of GIScience (accuracy, multiscalarity,
generalization, spatial cognition, ontology, etc) have used Al principles since the 1980s

* Spatial heuristics
*  Fuzzy sets theory
* Spatial decision support systems
* Onthe other hand, new conceptual and technical developments in Al, ML, etc
e HPC, GPU
* In data analytical methods: from Artificial Neural Nets (ANN) to Convolutional NN (CNN)
* From deductive to abductive approach to scientific knowledge creation
* ML as extension of spatial econometrics

- GeoAl is more than incremental, more akin to the onset of GlIScience
from the ashes of computer mapping

UNIVERSITY OF NORTH CAROLINA
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Geo + Al

. Adept at overcoming challenges of geospatial data research
- Data volume
- Data non-normality
- Non-linearity
- Data uncertainty
- Data variety (structured and unstructured)

- Data generalization and classification (feature extraction through iterative
learning)

- Dichotomy between exploratory and confirmatory

UNIVERSITY OF NORTH CAROLINA
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Health Systems Modeling

Population health is a critical area of contemporary research

Aging and aspiration for greater life longevity
Infectious diseases (aka communicable diseases) are multiscalar (cell,
organ, human body, communities)

They are spatial and relational

They are temporally dynamic
Tied to outbreaks, which make them events and conditions harder to
predict

Prediction of the dynamics of infectious diseases is “wicked”

Covid-19 pandemic
Flu, RSV, dengue, norovirus, ...

UNIVERSITY OF NORTH CAROLINA
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Health Systems Modeling

- Three main groups of spatio-temporal analyses of infectious
diseases: s

- Ecological modeling

« Aggregated, incidence rates: Disease clusters & hotspots  The role of socioeconomic and climatic ~ &~

) factors in the spatio-temporal variation of
» Usually econometric, not GeoAl U i China P

o', Werws Yo', Honafie Yo', Jean-Clansde Thill®, Witk Yarg™, Feng Chen’ and Degjang Wang'?

BMC Infectious Diseases

RESEARCH ARTICLE Open Access

- Mechanistic models
« SEIR (compartmental) models
« Ordinary differential equations, etc
« 70% of Covid-19 predictive models are SEIR models

« Machine learning

UNIVERSITY OF NORTH CAROLINA
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Study | - Spatial SEIR Model

Variant of SEIR with spatially explicit components
Spatial system of multiple zones (10 counties in a metropolitan region)

Spatial elements:

Exposure probabilities (transition from S to E) depend on

local exposure-related covariates (mobility, vaccinations, population demographics, non-
pharma interventions, weather, political leaning), either time invariant (spatial
heterogeneity) or time variant (spatio-temporal heterogeneity)

Spatial weight structures

Fitting on March 29, 2020 to March 13, 2021 and prediction on March
20-April 10, 2021 "

Goodness of fit: RMSE -

i) = UNIVERSITY OF NORTH CAROLINA
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Study | - Spatial SEIR Model

- RMSE shows good fit

. Fit varies across zones

. Our model outperforms RMSE of benchmark model:
- CDC’s Ensemble model is benchmark

o
w = - o
: g 7 2 £ 5 g : Z <
County 2 i 51 = = 8 = o o c
' 5 8 & 3 ¥ 2 = 5 g s
9] ] -
=
Spatial SEIR—Model 1 110 54 26 48 311 56 111 18 70 63
Spatial SEIR—Model 2 86 60 14 32 326 113 90 26 70 56
_Spatial SEIR—Mode] 3 184 115 108 72 332 54 220 19 21 218
Ensemble 174 92 102 23 882 86 148 18 22 139
Model 1 Model 2 Model 3 Ensemble
RMSE- average weighted by county population 172 177 224 440
RMSE- unweighted average 87 87 134 169
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Study || — Deep Learning Predictions

Compartmental models have built-in rigidities
Hence the emergence of hybrid SEIR/ML models and pure ML models

Spatio-temporal models yield better prediction (higher prediction
accuracy and lower tendency to over- and under-fit than traditional
compartmental or ML models

Deep learning-based space-time Long Short-Term Memory (LSTM)
- Multi-variate and multi-time series

Simultaneous forecast of confirmed cases, deaths, and mobility

Spatially disaggretated, allowing for spatial heterogeneity

LSTM, a recurrent neural network, excels at temporal dependence

UNIVERSITY OF NORTH CAROLINA
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Study || — Deep Learning Predictions

Implementation at US county level (3,129)
33 weeks of data (January 26 to September 12, 2020)
Outcomes: confirmed Covid-19 cases, deaths, foot traffic (SafeGraph)
Out-of-sample validation (70% for training, 30% for validation)
Time lag (window) of 3 weeks
Reported predictions 4 weeks ahead
RMSE statistics for goodness-of-fit

UNIVERSITY OF NORTH CAROLINA
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Study || — Deep Learning Predictions

. Implementation at US county level (3,129)
- Experimentation with sampling among counties
- Two LSTM layers of 128 neurons
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Study || — Deep Learning Predictions

. Various independent variables were not found to be influential:
- Population density, race composition, educational attainment, etc

. Social contact / mobility is sole significant predictor of the dynamics

- Great predlctlve performance up to4 weeks ahead

Model 2 Model 2
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Study || — Deep Learning Predictions

. Good predictive performance compared to CDC’s Ensemble model
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Figure 5. Predicted vs. real observations for new cases in Model 2 (top), new cases in ensemble model
(middle), and deaths in Model 2.
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Study || — Deep Learning Predictions

LSTM vs CDC Ensemble Model, spatially
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Study Ill — Spatial Agent-based Model

LSTM and other deep learning models may be excellent for prediction,
but they are ill-suited for ex ante planning and policy making
“Process-based” models fit this task better
Given the role of geography in viral transmission (esp. mobility and
transportation), are some modes of travel conduits for human-to-
human viral spread?
During the COVID-19 pandemic, public rail and buses were under the spot light
Micromobility: shared bikes and scooters BN
Role of surfaces (fomites) X '

H CAROLINA
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Study Ill — Spatial Agent-based Model

. Role of public/shared transportation

A.
B.
C.

Introduction of pathogens to new area
Acceleration of diffusion

Becoming a disease vector
« Transportation vehicle as active agents (C)
« Explicit modeling of fomites

Fomite route

a)

b)

v

T2i2 T2

" [0H @ , E O Passenger (O Non-passenger
(é x_,f :\\:b’l—'o ! E \ \i7 Primary case @ Secondary case
- n \ / .
d _,_CS Lj‘_ﬁ'_f_i‘zs_j $é,«0 |__| Transmission site’ Suscepible
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Study Ill — Spatial Agent-based Model

. Core model of disease transmission
« MV contamination
« Transmission in MVs

Inactivation time

Micromobility vehicle | S C S

]
I
: Infection
1

. Infection of human riding MV ——
R S[E]lR for human_to_human Individual 1 S | R S | R | individual 2
. Of course, there is also transmission
in baseline population Donieton
s [ ———
PHM(CM|SHY l\\ ///’;!.I‘H(IH]_\-HJ
) e W

F.‘HI{:H Si’.’)
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Study Il — Spatial Agent-based Model

[ Agents & environment h Relocation }:{} Disease transmission
- Modular simulation system Synthetic contact network || | Withinsynthetic contac ™ sesc )
Complete graph \;f—‘
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Study Il — Spatial Agent-based Model

« Programming and Software
- Python coding
« Graph-tool and Networkx packages
« ArcGIS 2.8

. Scenarios implemented on Orion, general use Slurm partition on a Redhat
Linux based HPC —

. Case study
Cook County, lllinois T e
Study period: June-July 2018 -
Population: 5,194,675 (2,746,388 live in the City of Chicago) Sme b
Chicago City public bikesharing system: Divvy (since 2013)

One of the largest station based shared bike systems in US

595 stations; 5874 Bikes; more than 3.5 million trips each year i
Includes demographic information (age and gender) of users DRI e P
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Study Il — Spatial Agent-based Model

- Emergence of a viral disease through micromobility

- Initial conditions
* Noinfectious individual
« Asingle contaminated bike (located in CBD)

- Count of the number of outbreaks (at least one other mfected person) in 30-
day period ;? Rt rrsisn e B | "
« 50 replications in the simulator l
« Even with small RO values, outbreaks are possible
« Up to 14 out of 50 outbreaks (28%)
« Micromobility to start a major viral event

UNIVERSITY OF NORTH CAROLINA
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Study Il — Spatial Agent-based Model

- Dynamics of a viral disease through micromobility

* Under various scenarios, micromobility does not significantly affect viral disease
dynamics

UNIVERSITY OF NORTH CAROLINA

CHARLOTTE




Study Il — Spatial Agent-based Model

.- Risk exposure to a viral disease in

micromobility

« Initial conditions: 100 randomly selected
infectious individuals

« 50 simulation replications
» Tracked cumulative infections
« A small number of stations have a high exposure

« Strong spatial pattern in exposure risk (hot spots
and cold spots)
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In Guise of Conclusion

GeoAl is part of the natural evolution of GIScience
Greater analytical capability
Leveraging microlevel data
Leveraging computational innovations

In study of infectious diseases, GeoAl is making a breakthrough
Spatio-temporal dynamics is better understood, better predicted

Through 3 studies, | have shared my own experiences with modeling
frameworks with various levels of innovations in spatially explicit GeoAl

Two distinctive assets are external validity and knowledge discover through
scenario simulation
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GeoAl — The New Frontier in
Health Systems Modeling

Jean-Claude Thill, Ph.D.
Jean-Claude.Thill@charlotte.edu

Collaborators: Behnam Nikparvar, Faizeh Hatami,
Md. Mokhlesur Rahman, Rajib Paul, Shi Chen
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Yuki AKiyama

Research for DXing municipal decision making using
urban spatial information and Al to realize a better life
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Self Introduction 11‘ i

Name : Yuki AKIYAMA (FKLUna#E)
Birthplace : Okayama city, Okayama pref. Japan

Affiliation : Associate Professor -
Department of Urban and Civil Engineerinc -ﬁmﬁnﬁix%
Faculty of Architecture and Urban,
Tokyo City University (TCU) Leen,

\\v USIS LAB

Main fields: Spatial information Science, Urban engineering
Urban Geography, Transportation engineering

Bigdata
Dynamic data
Machine learning

? T8 GIS
=g 4 Urban analysis
Data development

' “Remote sensing




Self Introduction Il i3

Name : Yuki AKIYAMA (FILiE%#H) "
Birthplace : Okayama city, Okayama pref. Japan

Affiliation : Associate Professor
Department of Urban and Civil Engineering,
Faculty of Architecture and Urban,
Tokyo City University (TCU)

L . _ EEREXRT
Visiting Associate Professor, Reitaku Uni “A" Reitaku University

Visiting Researcher, CSIS, The Univ. of Tokyo i 21k 2%

(:__ , THE UNIVERSITY OF TOKYO

Technical advisor, Microbase Co. Itd. microbase
Council, LocationMind Inc.
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1. Brief Introduction of My Research Activities

2. Introduction of Research Using Urban Spatial
Information and Al for DXing Municipal Decision

Making

3. The Potential of Urban Spatial Information and Al
for DXing Municipal Decision Making



Background R '_ B -0

Many problems in urban area

Decline of ) Traffic Disaster Environmental
problems

city center prevention

__management

Various kind of geospatial data and census
can support to solve them.

Design urban planning to realize smart city and society
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Various spatial big data in Japan 1 , 3
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Micro Geodata ( MGD

Micro data with location and
time information

Pt

Spatial bigdata,
Satellite image, Census

\ 4

ﬂ-----------------\
Statistical analysis
Al

Visualization

Data development

~-----_-----------

Finding and resolution of

Open data + Basic Resident Register, Urban PrOblemS and
Building registration data, \Water supply data etc. their support

-




Research strateqgy of our lab

Spatial bigdata,
Satellite image, Census
/I' 4%

<t
T

WiUSIS LAB

' LUREAN SPATIAL INFORMATION LABORATORY

Mlcro Geodata ( MGD ) '

Micro data with location and
time information

N 2 i W5 Urban Spatial Information
Municipal owned data + Field survey Science Laboratory
Open data + Basic Resident Register, (USIS LAB)

Building registration data, \Water supply data etc.
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human flow big data

@ Time-series transition
analysis of stores and

establishments using digital
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USIS LAB

Main research topics of our lab

@ Monltorlng of Economic impact analysis @eeloent of AI-baSed

underutilized real estate by of Covid-19 using person automatic detection method for
drone flow big data suitable development sites

Please visit our website!
( Joint research is always welcome! )

Akiyama lab at TCU
( USIS LAB)

https://usis.jp/

1" 4"k
WiUSIS LAB
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Yuki AKIYAMA website AKTYANA
https://akiyama- k




Studies using spatial information and Al'is attracting internations

Time-series changes in the number of papers that include “Spatial
information science” of “Geography” and "Big data” in the title or text

m "Geography"+"Artifical intelligence" m "Spatial information" + "Artificial intelligence"
w 20000
o Number of papers sna00
Q. 35,000 :
© In 2021
(o .
..6 30,000 - MeE Nat o J vea
5 e 000 (34,400/12,740)
o - About 22 times that of 20 years ago (2001)
g 20,000 (34,400/1,573)
c
8 15,000
whd
©
£ 10,000
=
Q] 5000

2,950 3,220 =
1573 1,863 2117 %823 jigE 1.0 1I0
0 hl.Ol.Ol 01.02 0 2j220
2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021
Year Source: Google scholar

Studies on geospatial information science and Al have a

siﬂnificant academic and international imﬁact.
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for DXing Municipal Decision Making
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2. Introduction of Research Using Urban Spatial
Information and Al for DXing Municipal Decision
Making

I ) Estimating the distribution of vacant houses
using municipal data and Al (Domestic)

ii ) Developing micro population data to support
urban development in developing countries
(International)



i ) Estimating the dlStl‘IbUth of va
Al

using municipal data a R 10

One of the most serious and urgent problem for Japanese local government is
increasing vacant house.

An increase of vacant houses will have a negative impact on the entire region (e.qg.
disaster prevention and crime prevention obstacles, lower tax revenue,
deterioration of the landscape)

Japanese government requires local governments to survey vacant houses (2016~)

Trend of vacant house rate e Rural area (RECE 0T
(Million) (based on the House and Land Survey) (%) g = f
6 — 30
== Number of houses(left) -
L Number of vacant — m W
5 — houses(left) - £
—e— Rate of vacant houses(right) -
3 o ... SN ... BE...... i 15
o
"H,_l”
2 . T __.‘/ ........................ 10
| o
o
1 1 fﬂ/_ ............................................................. g
' ‘ l e om0 HR
0 ™m0 ™ 0 ™ 0 ™
¥p] ™~ ™~ (v e] o] fe] (=] o
5! o o o)) (s ) a O
— — ~— — ~— — —i o~

1963
1968

Local governments need a method to survey vacant houses.




i) Estimating the distributic

2 . = A TN 17
using municipal data and Al >

Basically, monitcgring method |
for spatial distribution of vacant house is

Field survey (visual inspection)

Kt

Q . — ”.'!-'!-!‘I||l|'r'__ * e : I
Field survey in board area (whole municipal area) needs
Many time!

m Large amount of labor!

F’l’ Large cost! 5,




i ) Estimating the distribution of acant houses

using municipal data ai

Three problems for municipalities in surveying

vacant houses by the field survey
(Based on interviews with several local governments)

oCost o©Time @&Judge
L2 o C\ A
= 6/ A Ll S

_ fmn l‘i
Expenses for Fleld survey period It is difficult to judge
outsourcing = About 1.5 years from the outside.
( In case of Maebashi ! . ias in th
City: about 100,000 Organize survey results There is a b'as_'" the
surveys ) by research firm resutl:ls depending on
- i e surveyor.
About 13 million Yen About 0.5 years
(=85,000 USD) £ 2l Variation of
(5120 million %) Ver < years results
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Let’s try visual |nspect|on of vacant house!

Survey date : Aug. 9, 223 i



i ) Estimating the distribution of bt N
using municipal data

Let’s try visual inspection of vacant house!

20

Non vacant

Non vacant




i ) Estimating the distribution of vacant houses ’ 51
using municipal data and Al L

Development of methods for estimating the spatial distribution of vacant
houses to reduce the burden of field survey by municipalities

© Using © Using . _
municipal data and  building image & Using drones @ Using
open census
Al and Al

HE#REOLYIT-

.‘EE&‘&EE Mazrmnan Hreens ghoemmm
D MEL | AN RBGR || PO, AE,
. B, pEe BwmE, | ANERE | TFous
VLR G| B DR BEGE || SRR |
T e |
EmEROBE .
F-oLTOME

Realization of vacant house survey technology applicable to
various municipalities by integrating methods o ~®

2 oo TR TZL oSS FTTY ~y S\ @ e ™= T - _ =
e Provide vacant house survey method according to 3.\4
&= available data and budget 5
== e Support for DXing of vacant house measures A~



i ) Estimating the distribution of vacant houses

b : 22
using municipal data and Al -

DXing of vacant house distribution sureys using
municipal data

‘ RReeZIiZ(::: ﬁperty tax Iedgeii' . \(/:V:rfgrmpt'on Opden Vacant house
u |
(B information 3 /M} |~ geodata ' data

- Gender - Construction year - Address - Elevation - Address
- Age * Building use - Monthly * Distance to + Condition
- Years of residency| - Structure consumption convenience facilities| ., -

\_etc... etc... | J\etc... Jete. \ J

Spatial
Integration

Estimation of | SEE
vacancy rate [ Vacant house probability estimation ]«

(= R Machine
Result —_——— learning
= ( XGBoost )




i ) Estimating the distribution of vacant houses
using municipal data and Al

b

o N

_._“. . = . 3 - . . o s | N = ® 75-50

R e e © L ' | © 50-30
® 30-15

Low @ 15-0

ST

ML |, BRfT — 2 - RE7T— 2 28R L LEZSROMEEF L0 E, THIREMR, 28(2), 35-49, 2020.

Tomita, K., Akiyama, Y., Baba, H. and Yachida, O., Estimating the Spatial Distribution of Vacant Houses with Machine Learning Using Municipal
Data, /GARSS 2022 Proceedlings, #3960, 2022.




i ) Estimating the distribution of vacant houses

using municipal data and Al

Distribution of number and percentage of vacant houses by 500m
grids throughout Maebashi city

B0 ;aaagJ/J \5 Y 2@
?.ﬁiw - o pe
= =) o
GES Lok
= =
BEYH B ECEEEEmam _ BEIH
[ AT ey - r = = 1
=EET g e
L . om, mE E ammmms o =
¢ HEEERH(R) ' e == HEEERE%)
= -5 LESEE=-E = mO0-5
=5-10 . : EH : ms5-15
10 - 20 = - . E15-30
£120-40 |\ = . -
B 40 - 90 - e “m Bl 45-75
7;0—189 . = . - f=;5_100
S ST T o } — SRES Y
25 5 km | : A 0 25 5 km
I 0000
— | |r#m g, —
Number of vacant house Rate of vacancy

Areas where both values are high
= high priority for countermeasures
Municipality can prioritize areas where vacant house

surveys should be conducted
B O ——



i ) Estimating the distribution of vacant houses =% 55
using municipal data and Al L A

Reliability of the model

Estimation value Evaluation index
Non-vacant \acant Accuracy (%) 90.0
Recall (% 61.6
Nor- 73772 7474 i
Trye vacant (TN) (FP) Specificity (%) 908
value Accuracy
Vacant 58/8 1,409 = (TN + TP) / (TN+TP+FN+FP)
(FN) [TF) Recall = TP/(TP+FN)

Specificity = TN/(TN+FP)

The model can predict with high accuracy (90%)
especially non-vacant houses



) Estimating the distribution of vacant houses

using municipal data and Al
Confirmation of applicability in other mun|C|paI|t|es

( Case of urban area)

Estimated number of vacant house Estimated rate of vacant house

| Total Humber of
detached bidg.

\ .
Total Number of
detached bidg. 270,639

Total est. number 6,951

270,639

Total est. numbar
of vacant house 6,951

R "
v:c::l house{%] 2.57

of vacani house

Rate of
vacant house[%] 2.57

Est. number of vacant Est. rate of vacant

house house [%]
0 0

= 0-5 = 0-5
5-10 = 5-10
10-20 10-20

N - 20- - 20-

A 0255 10 0255 10

— — T — — T

Fig. 7. Estimated number and rate of vacant houses in the entire area of Kagoshima accumulated
by 500-m square grids

Case of Kagoshima city

Akiyama, Y., Ueda, A., Ouchi, K., Ito, N., Ono, Y., Takaoka, H. and
Hisadomi, K., Estimating the Spatial Distribution of Vacant Houses
using Public Municipal Data, Geospatial Technologies for Local and
Regional Development, 165-183, 2020.

WILFa - BiGoAE - KEES - BRARE, #WFE C L 2Z & RAMBEFE
NELLHEN BARBOART -2 EFRALEEEZROAMIEETFEICET
SR (€n3), BAREFSETERMNE, 86(786), 2136-2146, 2021.

® 0~5

@ 5~10
O 10~25
© 25~50
® 50~100

Case of Wakayama city

Baba, H., Akiyama, Y., Tokudomi, T., and Takahashi, Y., Learning
Geographical Distribution of Vacant Houses Using Closed Municipal Data: A
Case Study of Wakayama City, Japan, ISPRS Ann. Photogramm. Remote
Sens. Spatial Inf. Sci., V1-4/W2-2020, 1-8, 2020.

Sayuda,K., Hong, E., Akiyama, Y., Baba, H., Tokudomi, T. and Akatani, T.,
Accuracy of vacant housing detection models: An empirical evaluation using
municipal and national census datasets, 7ransactions in GIS,
https://doi.org/10.1111/tgis.12992, 2022.



i ) Estimating the distribution of vacant houses

using municipal data and Al -
Confirmation of applicability in other mun|C|paI|t|es
( Case of rural area) -
b1 & #1

HAKUBA VILLAGE
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Problems to use municipal data

Collect and utilize of municipal data is difficult.
(in terms of personal data protection)

Municipal data is pinpoint data and very reliable.
— They are very useful for DXing
Municipal Decision Making

There Is a possibility...
Local government will provide municipal data
if we can show objective and usefulness clearly!
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2. Introduction of Research Using Urban Spatial
Information and Al for DXing Municipal Decision
Making

I ) Estimating the distribution of vacant houses
using municipal data and Al

ii ) Developing micro population data to support
urban development in developing countries



ii) Developing micro population data to supp:

30

urban development in developing countrie - R

Background
Rapid urbanization and population growth in urban areas of

developing countries

—

Proper urban and transportation planning is even more important
than in developed countries for the sustainable development of cities

in developing countries

« Population information is essential for proper planning.
« In some areas of the developing countries, population census are

incompletely developed.




ii) Developing micro population data to suppc

R
Development of global micro population data (MPD) using
satellite image and Al
Development of MPD in areas Development of MPD in areas where
where maps and census are well maps and census are not available

managed (developed countries) (developing countries)

1PC in developed countries Development of a model to MPC in develbplng countrie
estimate the number of

households and population per
building




i) Developing micro population data to suppe

: : : . 32
urban development in developing countrie: -

Development of method to extract buildings from satellite images

Deve_lop deep Extract building
learning model

Center of Tokyo

Suburb of Tokyo

Previous study

(Shinjuku) (Hachioji city) (Suburb of Christchurch)
IoU ( % ) 62.8 75.4 83.3
Extraction rate ( % ) 68.1 91.9 89.0

* Wu, G., Shao, X., Guo, Z., Chen, Q., Yuan, W., Shi, X., Xu Y. and Shibasaki, R. :Automatic building segmentation of aerial imagery usingmulti-constraint
fully convolutional networks, Remote Sensing, Vol.10, No.3, 2018.

Even in Tokyo, where buildings of various heights and shapes
are densely clustered, our model showed similar performance

to existing studies.
NN



Development of method to extract buildings from satellite images

Deve_lop deep Extract building
learning model

In Japan
Detailed building data are available. - training data for Al.

Developing countries
Reliable building data dose not exist.

<

Developing training data
by field surveys of cities in developing countries
Target city: Bangkok




ii) Developing micro population data to suppt
urban development in developing countri

Survey items
« Location of individual buildings
« Type of building

 Number of floors

« Number of households (for




i) Developing micro population data to support

urban development in developing
Prototype of the MPC on Bangkok

Bua

Bangkok
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Akiyama, Y., Miyazaki, H. and Sirikanjanaanan , S., Development of Micro Population Data for Each Building: Case Study in Tokyo

~ and Bangkok, 2019 First International Conference on Smart Technology and Urban Development (STUD), 1-6, 2019.



i) Developing micro population data to support:

urban development in developinc

Prototype of the MPC on Bangkok
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@ i

JOINT COORDINATING COMMITTEE MEETING:
THE PROJECT OF SMART TRANSPORT STRATEGY FOR Ti

AT RATTANAKOSIN ROOM , 1*' FLOOR,

« Participated in JST's SATREPS
"Smart Transportation Strategy to
Realize Thailand 4.0" project.

» Discussing the possibility of MPD-
based planning in collaboration
with researchers in Thailand,
planners in Bangkok, JICA (Japan
International Cooperation
Agency), and others.




: - . 39
Outline ) R i

1. Brief Introduction of My Research Activities

2. Introduction of Research Using Urban Spatial
Information and Al for DXing Municipal Decision

Making

3. The Potential of Urban Spatial Information and Al
for DXing Municipal Decision Making



3. The Potential of Urban Spatial Information &

Al for DXing Municipal Decision Making ;.».«\40

In 2020s of Japan and all over the world...
Era of urban engineering + IT (ICT - IoT - Al )

&)
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3. The Potential of Urban Spatial ior .
Al for DXing Municipal Decision Making .

Urban planning in the 2020s will change as follows (maybe?)

*This is my personal opinion...

Use of closed data (personal information)
J

—Anonymization techniques and data literacy

will be improved. ‘Q I &5«1, "9)
Tui-

Use of real-time big data
—Realization of multiple super cities

Al will be utilized society and local government

—Al makes candidate answers. The job of humans
is to make the right choices and execute them.

Increase the frequency and speed of “actions”
—Create a reason to make actions based on the data (=
Evidence).

—Quicker and faster actions
mrimbrove actions bv reneatina trial and error auicklv.
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3. The Potential of Urba Spatial Information

Al for DXing Municipal Decision Making e

Finally...

 The national government, local governments, and
companies have various useful data and statistics.

« To collect, integrate, and use them, there is great
potential to create new value.

- Al has the potential to support to create the new
value.

 To promote the utilization of data and statistics, "MX"
(Mind Transformation) is more necessary than DX.

It is important for everyone to have a mindset that
IS

willing to take on new challenges using data.
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If you are interested in our research and our Iab Please
visit our website!

https: //USIS Jp
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Filip Biljecki

Advancing urban modelling with emerging geospatial

datasets and Al

The talk will
research efforts on urban and

present recent
geospatial modelling at the NUS
Urban Analytics Lab, and it focuses
specifically on understanding the
usability of emerging datasets and
crowdsourcing. The Lab spear-
heads a holistic and intertwined
research agenda that covers the
entire geospatial process in the
urban realm: from advancing
means to acquire data and stan-
dardising it to developing new use
cases and unlocking value with Al &
analytics. For example, the group
has developed the first global open
urban

registry of rooftops for

sustainability, and is currently work-

ing on developing a multi-scale
digital twin in the NUS campus
aspiring to break silos among
disparate domains and research
groups.



Advancing urban modelling with

emerging geospatial datasets and Al
technologies

Filip Biljecki
Assistant Professor, National University of Singapore
Director, NUS Urban Analytics Lab

urban
analytics

W tab
Background image: Mapillary data in Helsinki
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e
Our research group '

|

NUS Urban Analytics Lab \

Urban data science & geospatial engineer.i'ng.
Breaking the silos between GIS and urbanism

Applications / analytics

Geospatial foundation

Acquisition Standards Processing Quality

Emerging urban data sources g

‘ll
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« Crowdsourcing
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National University mj l b
d
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GANmapper — geographical data translation
by Abraham Noah Wu

New means of building data generation using Generative Adversarial Network
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Published in the International Journal of Geographical Information Science. Credit: Abraham Noah Wu



GANmapper — geographical data translation

New means of building data generation using Generative Adversarial Network
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RESEARCH ARTICLE ) rock s
GANmapper: geographical data translation

Abraham Noah Wu® @ and Filip Biljecki*® @

“Department of Architecture, National University of Singap gap ing: “Dep of
Real Estate, National University of Singapere, Singapore, Singapore

ABSTRACT ARTICLE HISTORY
We present a new mathod to create spatial data using a genera- Rocoived & August 2031
tive adversarial network (GAN). Our contribution uses coarse and  Revised 7 February 2032
widely avallable geospatial data to create maps of less avallable  Accepted 8 February 2023
features at the finer scale in the built environment, bypassing
their traditional acquisition techniques (eg. satellite imagery or mﬂ: S
fand surveying). In the work, we employ land use data and road learribngg an%gﬂphr
networks as input to generate bullding footprints and conduct GlSclence; GeoAl
experiments in 9 cities around the world, The method, which we
Implement in a tool we release openly, enables the translation of
one geospatial dataset to another with high fidelity and morpho-
logical accuracy. It may be especially useful in locations missing
detafled and high-resolution data and those that are mapped
with uncertain or heterogeneous quality, such as much of
OpenStreetMap. The quality of the results is influenced by the
urban form and scale. In most cases, the experiments suggest
promising performance as the method tends to truthfully indicate
the locations, amount, and shape of bulldings, The work has the
potential to support several applications, such as energy, climate,
and urban morphology studies In areas previously lacking
muh&: data or inpainting geospatial data in regions with incom-

ta.

1. Introduction

Generative adversarial networks (GANs) are a type of generative models introduced by
Goodfellow et al. (2014), which have rapidly gained currency in a variety of application
domains, such as thermal comfort, energy, and design (Quintana et al. 2020, Yan et al.
2020a, Rachele er al. 2021). Using a generator-discriminator model pair in the training
process, the generator in a GAN gradually leams to create data distributions that pass
the checks by the discriminator, thetefore producing patterns that closely resemble
the original dataset.

With suffici ining data, state-ofthe-art GANs are able to genarate synthetic
photo-realistic images that can deceive the human eye (Brock et al. 2018, Karras et al.
2010 48900 La anstainCAdl anad aad ot i .
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Sensing cities from accommodation reviews
by Wang Jiaxuan

Uncovering a latent type of VGI?

= -listin id reviewer id date Review
airbnb e

25123 225409357 2020-01-04 Grace is an amazing person, very friendly, receptive, cheerful and always willing to help. The
house is excellent and my room was very nice, just like the pictures. The accommodation is
well cared for and very clean. It is near the subway station and the market. Thanks for the tips,
the hospitality and the kindness, Grace. Highly recommend, grade 10.

36660 57512966 2021-05-03 If I could give this home 10 stars I would. Agri & Roger are so warm & accommodating, I felt
like I was amongst family. The garden and the room are an absolute dream. I can’t get over
how beautiful the garden is, and the room is furnished with lovely floral touches and vintage
furniture. Agri & Roger, kindly allowed me to hold a photoshoot in their gardens for my
business, and it was the best decision I could have made, it was an absolute dream stay and I
will definitely be coming back ¥

36299 250644756 2019-07-01 Great location to explore Kew Gardens and easy access to London with tube station nearby!
Great flat with lovely backyard space. We enjoyed using this as our base for exploring the
London area.

Source: Inside Airbnb

Wang J, Chow YS, Biljecki F (2023): Insights in a city through the eyes of Airbnb reviews: Sensing urban characteristics from homestay guest experiences. Cities 140: 104399.



Sensing cities from accommodation reviews
by Wang Jiaxuan

Contents lists available st Sciencelirecy
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ELSEVIER journal homepage: www. alseviar comfipes

)
. . A : 4 - : Lt
L Flve aS eCtS - Insights in a city through the eyes of Airbnb reviews: Sensing urban =T
p . characteristics from homestay guest experiences
Jiaxuan Wang ", Yoong Shin Chow *, Filip Biljecki "
* ihpartwant of Architeciure, Notional Usiversity of Singapore, Stngapore
* Department of Real Ksase, National Universicy of Stagapore. Singapare
» Greener
ARTICLE INFO ABSTRACT
Keywords There is a growing interest in derteing inalghts abost elties froam (nwﬂbuumd data. We -ﬂvmur the discourie
Uirban dlata seleace by emplaying homestay guest experience to sense urban We evahaate the etween
:__:;': planning subjective ot and objective ind hanks 1 rich s in that we pasit reflect

usban qualities. Mext, we investigyie dominant topics about urban characteristies in Alrbnb reviews (trans:
pertation, greenery, amenities, safery, and nodse) with natural language procosing techniques, (o, 8 rule-based
dependency parsing methiod desigted to extract relevant information. Then, we establish the sssoclations be-
tween sentiments and proxies representing the physical parteres of urban sress. The multiseale resubts of the
experiments in three mlu (London, Singapore, and NYC) suggest that reviews on homestay platforms reflect

amendties, sense of safety, pollution. The correlation s stroner ot a higher
dministrative divisdon level, while the perception of people om safety is more sensitive at @ more gramular scale.
Denaities of transportation and amenities in nearby districts are more likely to be perceived dmilarly. Purther-
mare, the spatial distribiution of perceptions iy possibly affected by the marphology and development of a city,
and the diversity of guests. This study reveals new posubilities for senslng urban characiesistics through tes-
genernted information and introduces a new application of accommedation reviews, which may help alleviae
gaps in availability of data required for planning.

Volunterrrd progtaplsic ladovmation

Public transport accessibility R

Crime

1. Introduction types of geotagged data crowdsourced from variows venues m 5 50
il media, reviews due to their sub and d

Noise

Density of amenities

Reviews on online plaforms or sockal media, such as dining experd- urxﬂnnm As reviews mlny humnn pemp:lm; they may oﬁﬂ a
of

ences, are & useful textual of human
warious aspects of cltbes (Hu of al |, 200%
2211, bn line with the observation of hat citizens can
ohserve a great variety of geographic information as sensors, Over the
past decadis, the advancement and popularity of social medin, crowd.
mdn,:. nnd online levn:w; have tremendousty expanded the volume
of jon (VG and research arcund e (1.
 Tateosis A t al., 20 ').A\'allﬂynf!t‘o-
usynl social mvdh dnln hn been widely usul in urban analysis,
Im‘lullmn buk ned I ] sn(iw(mmlt and iknmw'aphlc lunﬂuﬂl
A

L3
. Among different

0264-2751/0 2023 Elsevier Ltd. All rights reserved.

‘,umlu: anebn:n cities.

In this paper, we posit that homestay guest experience such as Airbab
reviews, besdes their primary purpose of assessing the sccommodation
and its host, are rich in information about peaphe’s perception on the
surrounding urban development. We build on the rich body of knowl-
edge that has taken advanitage of the wealth of information available in
Alrbis reviews, and expand it for a different purpose bryund under.
nundlng specific attributes about an Airbnb property (7 i et

(1200 to gather the perception and condition of neighbourhoods.
CumHn«] with kecation information that is genesally available in such
data, we pastulate that it has potential to refate the coatent of reviews to
the actunl urban development in a elty, and to evaluate the relationship
between  smubjective perceptions and  objective attributes of de-
velopments in urban areas.

. National University of Siagapore, Simgapare.
= pbind o sdu ag (V.5 Chow), Flip@ausedu g (F. Biljeckl ).

5 July 2032; Recebved in revised form 19 February 2023, Accepiod 21 May 2023

Wang J, Chow YS, Biljecki F (2023): Insights in a city through the eyes of Airbnb reviews: Sensing urban characteristics from homestay guest experiences. Cities 140: 104399.



Unlocking rooftops

Potential for green roofs, farms, solar panels...




Unlocking rooftops

Research on potential for solar panels, green roofs, farms, ...

(1) Identifying the best locations (2) Quantifying the potential at large-scale

EPFL e EFL ENAC SB ST IC SV COM COM A1 Q =L

& e

What if half of Switzerland's rooftops produced
electricity?

Researchers at EPFL are assessing
Switzerland'’s solar power potential. Their results
show that photovoltaic panels could be installed
on more than half of the country's 9.6 million
rooftops. The resulting power would meet more
than 40% of Swiss electricity demand.

Brito, M. C., Redweik, P., Catita, C., Freitas, S. & Santos, M. 3D Solar Potential in the Urban Environment: A Case Study in Lisbon. Energies 12, 3457-13 (2019).
https://actu.epfl.ch/news/what-if-half-of-switzerland-s-rooftops-produced-el/



We know the potential in future. But what
about the current situation and actual status
today? What is the rooftop utilisation rate?
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Roofpedia =

Global open registry of roofs for urBéh S st inability
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Published in Landscape and Urban Planning. Credit: Abraham Noah Wu




by Abraham Noah Wu

ROOFPEDIA

Automated Roof Mapping + Geospatial Roof Registry + Sustainable Roof Index

Avutomated Classification
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Obtained from Google Street View




Human perception Infrastructure Activities Urban form
Appearance, audits, walkability, Spatial data collection, real estate, Human traffic, place semantics, ~ Sky view factor and share of

and socio-economic studies transport, and health studies vibrancy, and economic activity vegetation in urban canyons

{\i"&ﬂ '\“‘: ‘ )7— Y

Beauty
Safety

Images are obtained from Mapillary following a manual exploration




Urban form

Sky view factor and share of

v Id Sky
vegetahon In urban canyons

Buildings

Greenery

Calculation of urban form metrics
Segmented proportions
[ . ——
Metrics
I Buildings: 0.23
| Greenery: 0.17
I sk : .41
Aggregation
. _Averaging City-scale maps
RS ¥ : 5550
r g
‘L"*u!':-_:

F 800 6 oA
Images are obtained from Mapillary following a manual exploration



Sky View Factor
Singapore

H3 hierarchical grid system

Resolution?  (0.12 km?)
Resolution 10 (0,017 km?)

SVF distribution

2 N | S—

Ie———te——u{ 0 0.57 1
The values have been standardised. The Kent Ridge
Campus of the National University of Singapore is
shown in higher resolution (R10) than the rest (R9).

Z-score
Data: Google Street View, OpenStreetMap. Software: R, QGIS, Affinity Designer. Typeface: Lato. A 0 5 10km |
Filip Biljecki, Urban Analytics Lab, National University of Singapore (https://ual.sg], 2022. f T 2 -2 0 2




Assessing bikeability from street view imagery
By Koichi Ito

Orchard Rd, Singapore from Mapillary

Credit: Koichi Ito
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Sensing urban soundscapes from street view imagery
_  SVI — a new instrument to sense

noise?

« Bypassing field measurements and
an alternative to simulations

e Sound intensity...
e + also nature & quality of sound
* Traffic, Nature, Human noise

e Pleasant, annoying, ...




0.28 - 0.51
0.51 - 0.55
0.55 — 0.57
0.57 - 0.59
08

10 km K =0

B 0.63 - 0.66
B 0.66 - 0.81

Imagery source: Google Street View

Zhao T, Liang X, Tu W, Huang Z, Biljecki F (2023): Sensing urban soundscapes from street view imagery. Computers, Environment and Urban Systems 99: 101915
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Revealing spatio-temporal evolution of urban visual
environments

Research led by Liang Xiucheng

= Cluster 1 = Cluster 4
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= Cluster 6 —

Road I Sky I Greenery N Building Safe
Lively I Wealthy Beautiful Depressing Il Boring

1 — Urban Jungle; 2— Flanked by Nature; 3— Expansive Horizons; 4— Balanced Living; 5— Concrete Heights; 6 — Sparse Neighbourhoods
Imagery source: Google Street View



Period 3 (2019-2021)
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Imagery source: Google Street View



Period 2 Period 1

Period 3

@ a Street View - Feb 2022

2008

(_t) . Street View - Feb 2022

Sep2021 [y \\ &

e ...é- 2022

2009 I 2010 l Count
100
1000
2500
| 2014 | 2016 -0 s000
........................................... O —
| 2019 2020 | | ‘ 20000
30000
I 1 I T 1 1 1 1 1 1 1 1 1
Jan Apr Jul Oct Jan Apr Jul Oct Jan Apr Jul Oct Jan

Imagery source: Google Street View



Period 1to 2 Overall

Period 2to 3
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Imagery source: Google Street View
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Concluding remarks...

« Understanding the entire ‘geo-pipeline’ is beneficial — urban analytics should
transcend applications and include data production, standards, quality, ...

 Much of these developments and new use cases are enabled by novel data
and advancements in data science/(Geo)Al, but data availability & quality
remain an important consideration

« Crowdsourced data plays a role too

* Crowdsourced data will grow in importance and availability. Various
advantages over other sources of data, but also complementary
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Steven Jige Quan

I Addressing Urban Complexity with Al Toward Sustain-

able City Future

The imperative of urban sustain-
ability takes on heightened impor-
tance in the face of climate change.
However, research in this domain
often grapples with the high level of
complexity in the urban environ-
ment. At the same time, the rapid
advancements in Al in recent years
provide innovative methodologies
and insights for addressing such a
challenge. This study discusses the
promising potential of using Al to
better reveal, represent, and
reshape urban complexity, drawing
upon research projects of the City
Energy Lab at Seoul National
University, South Korea. Further-
more, the study explores emerging

theories in Al-aided environmental
planning and design, underscoring
their significance in bolstering a
sustainable city future.

110



2023 International Conference on Geospatial Information Science

Addressing Urban Complexity with Al Toward
Sustainable City Future

Steven Jige Quan, Associate Professor
City Energy Lab
Graduate School of Environmental Studies
Artificial Intelligence Institute
Seoul National University
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How Do We Utilize the Power of Al
to Better Understand and Design
Our Cities Toward Sustainability?



Apply Al to Corroborate and Improve City Science

Revealing Urban Complexity: Interactions and Nonlinearity



Complex Urban Systems: Mechanisms Behind Form-Energy Relationship
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Simulations Suggest Strong Interactions and Nonlinearity
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Statistical Models to Approximate Urban Complexity

Limited in modeling interactions and nonlinearity
Requires assumptions

Variable Transformation & Using Interaction Terms

Quantile Regression Model
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Machine Learning to Reveal Nonlinearity

« GBDT
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Feature Importance of Learning Models — Unravelling the Complexity

Feature importances using permutation on full model
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Spatial Location

« GBDT

e Spatial location

Metric Model type 9:00 AM 3:00 PM 9:00 PM
oLS 0.36 1.21 0.30
SAC 0.32 1.15 0.25
MSE
GBDT 0.25 1.12 0.21
GBDT-LL 0.24 1.09 0.19
oLS 0.42 0.94 0.41
SAC 0.40 0.91 0.38
MAE RN LA
GBDT 0.34 0.81 0.31 o - -
® S-Dot Sensor
GBDT-LL 0.33 0.79 0.30 pe Buildings
oLs 0.14 0.25 0.12 B Roaas
Green area
MAPE SAC 0.13 0.22 0.10 Water area
GBDT 0.10 0.19 0.07 (O 500 M buffer
GBDT-LL 0.09 0.17 0.06
oLS 0.51 0.21 0.55
r2 SAC 0.56 0.25 0.58
GBDT 0.63 0.29 0.67
GBDT-LL 0.65 0.32 0.68

Parth & Quan, 2023



Comparison with Traditional Regression
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Apply Al to Find Patterns in Complex Phenomena

Representing Urban Complexity: From Indicator to Typology



How Do We Represent Urban Form — Conventional Indicator Approach

BUILDING ><
COVERAGE

BUILDING DENSITY

FUNIT SIZE

DWELLING UNIT DENSITY

BUILDING
HEIGHT

Type

Indicators

Density measures

Geometric measures

SPACE/PERSON

T4

Land use and land cover
(LULC) measures

PERSON/UNIT

POPULATION DENSITY

Floor area ratio (FAR)", coverage ratio (CR)",
population density, dwelling unit density, urban
sprawl index

Surface-volume ratio (S/V)?, glazing ratio™, height,
building orientation, street height-width ratio (H/
W)?, sky view factor (SVF), street orientation, urban
porosity

Vegetation cover, road coverage ratio, impervious
surface cover, water body index

Quan and Li, 2021
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Manual Identification of Urban Form Typology

* Requires expertise
e Time consuming

Park, H., et al., 2010 & Seoul Development Institute, 2010
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Identification of Urban Form Typology
Using GMM
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An Exploration of Form Typology and Energy Pattern ‘ (m @“

Summer peak-month dominant pattern
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Li & Quan, 2023



Apply Al to Integrate Science Into Planning and Design Process

Reshaping Urban Complexity: Al-aided Design (AIAD)




Shanghai

Design for Sustainable Neighborhoods: 1

e Economic outcome

Objective function:
Maximizing FAR




Representations of Urban Form: Parameterization Eiai=inid

e it B - Safety - Privacy - Sunlight - Elevator
B g " e
B PP 2 3 - “ max{1.2H,6) max{0.5H,4)
- S 4-8 1.2H max{0.5H,4]
5{‘ o “; j‘j 28 max(0.5H,30) 13
Parameter Min Max Step
FAR 0.5 3.0 TBD
Number of Floors 3 18 1 (number of floors)
L (m) 24 72 12 (unit width)
W (m) 15 15 --
D, 10 64 TBD
D 10 64 --

Fixed Apartment Unit Size: 6 m x 15 m based on government policy of occupant density
(35m2/person) and Shanghai projected household size (2.65 person/household)

Quan, 2019



Optimization Results

Objective Function: maximize FAR

FAR

GA Plot
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-------- gen average
—— best solutions

40
generation

48

56 64 72

80

""""

Quan, 2019



Shanghai

Design for Sustainable Neighborhoods:

Economic outcome

Objective function:
Maximizing FAR

Low carbon

Objective function:
Minimizing Building Energy

Outdoor human comfort

Objective function:
Minimizing outdoor discomfort

Discomfort
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Multi-objective Optimization in Engineering

e Pareto front: Equally optimal solutions
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Pareto frontier of optimizations of aircraft designed for

minimum fuel burn and NOXx (left) and minimum fuel burn and cost (right) _
Martins & Lambe, 2013; McMasters, 1985
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FAR (maximize) vs Building Energy (minimize) vs Comfort (minimize UTCI ASR)

MDO Plot
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Case Study

Seoul
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Peripheral parcel length
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¥ of the anchor point

Interior parcel length

Translation in X of the grid for fouwr
Interior block groups

Translation In Y of the grid for four
Interior block groups

Rotation of the grid for four interlor
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Block length of the grid for four Interior
block groups

Block width of the grid for four interior
block groups

Mumbers of floors of bulldings on 80
paripheral blocks

Mumbers af floors aof bulldings on 240
Interior blocks
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Region
Block group
Block
Reglon
Region
Block

Block group
Block group

Block group
Block group
Block group

Block

Block

O degress

&0

B0 m

70 degress

1:20m

FUm
6230 m
=200
40 m
&0 m

&L m

75 degress

120 m

120m

EF

326 Parameters
* Dimensions

* Angles

» Coordinates

22 Constraints

» Reasonable dimensions and feasible patterns

* FAR=3.6

| Mo, | Parameter Spatial Scale Value

Superblock length
Superblock width
City street width

EN :.perblock street width
EE :uilding sethack

] Peripheral Blodk width
Anchor bloack length
anchor block width
Distance from superblock street
intersections to city streat Intersections
Grid generation ratio for peripheral blocks
and parcels

11 Paripheral extended bBlock area
FEE c:ipheral block area
13 Peripheral parcel ares
14 Peripheral bullding footprint area

Peripheral parcel width

16 G&rid generation ratio for interlor blocks
and parcels
17 Intericr extended Block area

Interior Block area
Interior parcel area
Interior bullding footprint area

Interior parcel width

Superblock
Supsrblock
City
Superblock
Parcel
Block

Block

Block
Superblock

Block and Parcel

Block

Block

Parcel

Bullding

Parcel

Block and Parcel

Block
Block
Pareel
Bullding
Parcel

B00 m
200 rm
B0 m
10 m
3 m

B0 rm
120
B0 m

Constraint

=30 m

==&

=300 m*
==300 m’
>=300 m*
==200 m*
=20 m
=zilb&

==200 m*
=300 et
==150 mv*
==50 m
»=15m

Quan, 2019



Performance Model
Urban Scale Building Energy Modeling

URBAN BUILDING ENERGY MODE

(NEW YORK)

Lecture Notes
in Gevinformation and Cartography

| Stan Geertman

| Joseph Ferreira, Jr.
Robert Goodspeed
John Stillwell Editors

S.J. Quan, Q. Li, G. Augenbroe, J. Brown & P. P. Yang (2015). Urban Data and Building Energy Modeling: A GIS-based Urban Building Energy Modeling System Using the Urban-EPC Engine, in S.

Geertman, J. Ferreira, Jr. R. Goodspeed & J. Stillwell (eds.) Planning Support Systems and Smart Cities. 2015
S.J. Quan, Q. Li, G. Augenbroe, J. Brown & P. P. Yang (2015). A GIS-based Energy Balance Modeling System for Urban Solar Buildings. Energy Procedia. 2015




Optimization Results
Two Runs

Cpimization Results ol G&
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Extended From Classic Design Optimization: Heavy Simulations

Surrogate-assisted Optimization
Experiment Dataset
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Apply Al to Enhance Plural Urban Design

A New Framework: City Science, Big Data, and Public Participation



Measurable and immeasurable Euing & Handy, 2009

« Some qualities of the design are well measured (environmental performance)
Simulations at urban scale are hard

e Some are not easily measurable (social and subjective performance)
Simulations may not be available

Public participation in design Quan, 202

Degrees of
cilizen power

 Design for the public Conventional design computation

 Design with the public Participatory planning support systems

* Design by the public How?

Degrees of
takenism

I"'Jc:ln participation

Arnstein, 1969

Can We Apply Al and Big Data
to Better Support Design Empowerment?

Therapy

Manipulation



Difficulty in Schemata Definition and Design Knowledge Acquisition

Defining Design Space with Representation

o Symbolic (geometry properties) e Sub-symbolic (grid)

Prior design schemata, oversimplification Lack of meaning, curse of dimensionality
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Representation Learning

Generative Adversarial Networks (GAN)
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Goodfellow et al, 2014; Hitawala, 2018

DCGAN

Radford, et al, 2016

MaaTerizariom

samples i DUGANS [ormal:
« 0,00 x 128 x 128 x | array
= mirrmal ioed cell valoe m[-1,0]

t FormimiiRg

Sample case (siee: 256 m x 256 m)

e

Sameing

Cover Ratio:
0.2-0.8

Quan, 2019



Urban-GAN

Quan, 2019



Real Design Pro [bTemDeﬁ
=l E

From StreetScore Data to "Feelmg Safer” Designs

Complex reIatlonshlp between form and perceptlon

Tribeca

Map data copyright OpenStreetMap contributors

it (June 1

egu

lations

New York

Bt Lawer East Side
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Constrained-UrbanGAN (cUrbanGAN)

Constraints:

 Cover Ratio -> 0.3, Safety score -> 10
Cover Ratio = 0.30, Safety score = 8.49
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 Cover Ratio -> 0.6, Safety score -> 10
Cover Ratio = 0.60, Safety score = 8.53

L

1]

Overall average
Safety =8.11

Urban Data
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Training for 100 epochs
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Safety =7.74

Quan, 2021



Conclusion

 Revealing Urban Complexity: Interactions and Nonlinearity
 Representing Urban Complexity: From Indicator to Typology
 Reshaping Urban Complexity: Al-aided Design (AIAD)

A New Framework: Integrating City Science, Big Data, and Public Participation

Al + Planning and Design == PIanning and Design +Al

« Supporting Planning with Explainable Al: Fairness, Accountability, and Transparency

« Educating the Next Generation of Planners, Designers, and Policymakers.



, Al in Urban Planning and Design 1 (Spring 2021, 2022, 2023)
New Course Series ] ] ]
Al in Urban Planning and Design 2 (Fall 2022, 2023)

Built Environment and Public Health Land Use Land Cover Prediction
Future prediction map of 2029

Predicting Air Pollution in Cities
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Commuting Distance in Seoul

Korean Cities
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Yung Joon Jung

A Simulation of Urban Population Movement by Agent Based
Modeling Methodology and Sejong City Policy Application

Recently, there has been an increasing
number of cases of using technologies
such as data-based analysis and predic-
tion to establish various policies such
as urban transportation, welfare, and
economy. And, as the number of such
cases increases, various methodolo-
gies are emerging. Among these,
research cases of agent-based models
are also increasing. The reason is that in
the past, agent-based model research
was very difficult because it required a
lot of data and large-scale computing.
However, recently, more and more
diverse data has become accessible,
and the number of ways to utilize
large-scale computing in research sites
is increasing.

Meanwhile, a basic analysis that can be
used in urban transportation policy is
analyzing population movement. There-
fore, in this presentation, we use various
data such as geographical information,
facility information, commercial infor-
mation, business information, public

transportation information, and citizen
information of Sejong City in Korea to
develop an agent-based model to
analyze population movement on week-
days in one-minute increments. We
present a method to build and simulate.
Additionally, in this presentation, we will
mention cases where simulation results
were utilized in actual policies. Actual
use cases include the establishment of
a new metropolitan express bus route
(M-bus) between Sejong City and
Daejeon, analysis of ripple effects
according to the location of new bridg-
es, and prediction of major social
indicators by year.

149
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Development of City Interior Digital Twin Technology
to establish Scientific Policy

Electronics and Telecommunications Research Institute
(ETRI) / YungJoon Jung

General Research
Lo \tikl)/yungjoonjung

Sejong City, Seoul National University, KAIST, VAIV
Company




Research and delp digital twin technology to sort
evidence-based policy making and apply it to real city

Transportation change
analysis and forecasting

Analysis of regional
Character. and changes
in public transport share

Analysis of changes in
Population inflow and
outflow

Local government
Policy information

Municipal Population_:
Activity Data -

Local government
loT Infra. Data

Dlgrtal Twin

System for
Evidence based

policy making

Prediction of bridge
construction effect

Policy Simulation

Parameter Input

Policy Simulation

- — Official
Visualization
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03 R&D Core Concept (1/2) Agent basef

Act|V|t|es Modellng of Cltlzens

Analysis and prediction of urban phenomena based on agent modeling

@ Statistical analysis is limited to ® Agent based model is easy to analyze
cause analysis but difficult to implement
Right Brain Left Brain
Actual individual SOCIAL
SIMULATION
Mechanisms
Agent

Assumptions

C I )

Modeled
Individual

Estimated Micro Simulation

Society

Simulated

Prediction :
Society

Explanation

Synthesis:
scenarios

* Source : Eric Silverman et al., “When Demography Met Social Simulation: A Tale of Two Modelling Approaches,”
Journal of Artificial Societies and Social Simulation, Oct. 2013

The difficulty of implementing the agent-based model lies in the collection of
micro-data and the limitation of computing power



| 03 R&D Core Concept (2/2) Slmulate change

population movement according to policy  \_

Change the agent's information according to the policy and

simulate changes in the city’'s movement phenomenon
® Agent : Citizen

Identify city status, problems, improvement points

® Simulation Step : 1 minute

~tourism Edu. traffic Consum. ~dwelling

Agent based digital twin Sejong City

Job Income Agent Information
k]| Dv@ing housing (Citizen) Who/Job/When/Behavior/From/Why/Where
(Citizen) '*chf c;r;m_ (Bus) Route/Passenger/Transit
Gender Move
— = SNS oD
ICycCie axi
Facilit < e I Velocity Credit
Facility Car Bus rout S
] [ raffic M .
Infra. Store Parking - I€ M pop..
Road Env.  Building Resident  In-flow
Traffic DB
Road Market
Sy . e Time Use Data
Sm ~Restrict  Commercial  Residential Info. v -
nira. Geo Regional MDIS
INEL)
I}H

® Real-life area mapping based on non-identifying resident reglstratlon |m‘o

@ Behavior map!oing by gender, age, and occupation based on Agent Info. Change / City Simulation
personal life time survey




O 4 Agent based Dlgltal Twin Virtual Sejong C|ty

Simulation Data

Simulates movement in 1-minute units of a day on weekdays and weekends

\

[ * Al based transportation selection model(walking, car, bus, bicycle, etc.) mapping
*  Household Travel Survey, National business survey, Building, OD, Probability distribution

Interaction | model by travel purpose (Frata and Gravity model) mapping

» Behavior: Sendoff, Go to work, go to school, back to work, back to home, work, Academy,

shopping, leisure, Eat out, Visit, etc.

. Planned 5, 6 Sector: Planned number of household

*  Nearby city: Daejeon, Cheong ju, Chun an, Gong ju, etc. mapping

Citizen * Location: Non-ldentified Resident Registration DB mapping
(Agent) *  Occupation: Industry classification, MDIS, Employment survey mapping
* 440,000 People(Ages, Gender, Location, 9 Job (Official, Self-employed, Employee, Student,
¢ College, Office worker, Edu., Medical, Housewife, inoccupation) mapping )
Eacilit * 140,000 cars, 2,596 public bicycles, 594 public bicycles station
aclll
Infray * 1,979 bus stops, 4,860 buses, 169 bus routes
. * 36,313 Buildings (Kinds of business, Small Enterprise, License, Public Facility)
e Planned 5, 6 Sector(5-1, 6-3, 6-4, in 2025)
IGeo. spatial : * 7,879 road networks, 3,090 inter sections
Infra. « 700 zone (Statistical Office 700 zone, 19 regional section, 37 inter region(Sejong/

Daejeon/Cheong ju/Chun an/Gong ju, etc.) J/
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/*10 Simulate the movement of all citizens of the city and understand the status )

. . Transport
Model Age I Gender  Dwelling Job Time Behavior Store Where atiopn
Behavior In In out
Movement In In In / Out
Transportation In In In In In Out
8 WGOOrk office A car
12 Eat out Rest. B walk
A
Simulation Results regio Official Shoppi h C car
30 Male g 18 ng shop
n
20 leisure leisure z bus
Back
h
22 home ouse A bus

Activities of each Agent per minute

< Pre-simulation of preliminary policies possible
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/01* Primary verification through comparison of simulation results with real traffic \
y g P
card and VDS data
% (Traffic card data) Comparison of the number of passengers using bus card data

between Sejong City and Daejeon City
% Ascending/Descending Adjustment(1-error rate): 90.9% / 71.5% -> average 81.2%
% (VDS data) Comparison of the number of vehicles passing by time on major roads
in Sejong City
< Location: South Sejong IC (August 10t in 2020)
% Ascending: VDS-35,644, Simulated data-33,030, error rate-7.33%
% Descending: VDS-35,630, Simulated data-46,461, error rate-30.4%

% Result: Hourly real and more than 80% reliability

% As the reliability of the existing survey-based simulation is at 70%, the simulation result is

excellent. However, more local verification is needed

2 13 A (SHE) =R 1= A

Y E * Blue: VDS,

{ .. ! :
Cﬂc‘ 1 /\\/\A //\ « Red: Simulated
Ssn_ 1l \\\ B ' AN \/V\ results
- T2 = 20 '\/\_\ 200

2% 8 LY RLEERYELERNBYRYL3ERLSYILE LSS

8 ¥ R U S Y RYLEYRYLEYRYESYRYSEYRYLEYRYE YR Y

pR—— — s, Py s pp—)

VDS comparison location Descending VDS comparison Ascending VDS comparison
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T Policy establishment demand-based R&D and policy simulation service

promotion
Prediction of Predicting the appropriate Efficient Analvsis of civic
movement of number of public bicycle garbage byehavior Report policy
— - relocations by rental collection . .. recommendations
Digital citizens by year stations operation characteristics based (2022)
twin policy (2021) (2021) '?2021) on social data (2022)
simulation

service

Sales forecast
for small
business (2019)

Improvement of
public bicycle
operation
(2020)

Prediction of new

rental stations for

personal mobility
(2020)

Analysis of demand
for new regional
express bus routes
(2020)

Analysis of demand
for new bridge
locations
(2020)

Simulation Data Input and Output User :
Interface based policy decision making tool

Activity Model of Agent of Citizen based Sejong Digital twin Simulation Framework
Digital (Agent based Model & Simulation Digital twin)
twin
analysis |
and Distributed High Performance Simulation Engine

simulation| .
framework (DTSIm)

Digital twin data storage :
(Sejong City's Big Data Hub System Connected) /
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[ ] [ ] [ ] [ ] [ ] [ ] [ ]
< Calculation of evaluation indicators for virtual demand-based simulation
[ ] [ ]
results and selection of candidate routes
No BusStopName passengers score busstop_x |busstop_y | HHAIIE Sk
o . Daej b d d Ivsi N ST P E=3I=5) 75 | 3459880778 | 127 24464 | 3648946 7706
' Sejong' agjeon pus car ata analysis 5 OEEASLEAE 100 | 320179152 | 12724733 | 3651182 604
3 =SS 63 | 3.174201862 | 127.24438 | 36.50524 3,771
. ) ) 7 ZEWOETEX 5T 3767125349 | 1273076 | 3650018 7783
% Information on bus use for two weeks in Nov. 2019.5 ELEL 749 | 3166073611 | 12726304 | 3649600 1307
5] Te=dnladHSE 55 | 3002792441 | 12723478 | 3650433 5062
. ) . . 7 TEEAR e A 39 | 2095775400 | 12727883 | 3647225 3400
o SeJong—DaeJeon bus route data filtered by 6 routes [s BIE=(200rs) 33 | 2.742212377 | 12731096 | 3649754 2476
3 STOrS 7 A 38| 2724151263 | 12724897 | 3650614 2608
0 ESEELE 70 | 2684941234 | 12729500 | 36.60061 6959
< 990, 1000, 1001, 1002, 1004, 1005 routes T o= T.741 | 2651530004 | 12705896 | 3651483 27,790
12 NESNERNEEE=PNEE] 342 | 2455648657 | 127.28835 | 3647819 18,098
RN C | | t f I t . d t 13 HOFS 1SR 125 | 2369463739 | 1272592 | 36.48385 1,010
. a Cu a Ion O eva ua Ion In Ica ors 14 PIVSIEESRI=N 21 | 2356009912 | 127.25017 | 36.50438 1975
75 WEOF=526T 1 35| 2331628886 | 12725352 | 364525 571
o . 16 I == 76 | 2308460700 | 12724986 | 3650047 5098
< Traffic, Bend degree: Number of transfers, 17 TEAE 8 | 2294530903 | 12729007 | 3650447 5757
18 oIS E S 57 | 2045164703 | 12728695 | 3661655 5436
Potentlal demand 19 Jtet0r29& 11EHA 48 | 2.201838554 | 127.22989 | 36.51068 1,201
%0 ERNBIIE=EERFI=oN 44| 5135123245 | 12725041 | 365125 3080
. )

»* Evaluatlon MethOd No BusStopName passengers score busstop_x busstop_y [HAIIE Saliaf
i ESGLHES 89 2925170728 | 12739248 | 36339157 o)
< Evaluate by Weighting individual indicators AT EE P EEEEEE 40 2912493961 | 127410805 | 3632414 49
3 gH 64 | 2700742278 | 127362434 | 3635873 2119
) 4 NEE 42 | 2581740876 | 12738868 | 36351147 5530
< Traffic 3, Number of transfers 2, 5 EERSEEES 94 [ 2581081004 | 12738429 | 3634507 5
6 SEH0ZE 2057 | 2492877107 | 127437195 | 36349037 2657
Bend degree 1 7| SESHGHES 304 | 2400336427 | 12733094 | 3635428 105
8 B ] 350 | 2385733533 | 12729755 | 36350746 2086
) . . 9 ESI=ESpNE=: 304 | 2201976958 | 12738209 | 3635786 6528
% Further refinement for selection of candidate routes 0 SEEE R IRV o B e e o T
. ) ) ) T FOE D 308 | 2130349241 | 12742255 | 36351494 2104
«» Route distance and route consideration 2 P 161 | 1775304067 | 12731804 | 3637450 3688
3 Ey ] o7 1607181615 | 12734368 | 36.36265 7361

. . ) .

\ % Comparison with bus card analysis results 1




/<% Simulate and compare expected usage demand for various bus routes to )
find the best new M-bus route

% Candidate bus route #1: passenger increase
% Candidate bus route #2: passenger increase, increased travel time
% Candidate bus route #3: reduced number of passengers on existing routes

% Candidate bus route #4: passenger slight increase

Existing routes Candidate #1 Candidate #2 Candidate #3 Candidate #4

990 2246 | 3,593 | 2,507 | 2975 | 2878 | 338 | 2318 | 3612 | 2,157 | 3,029
1000 2,126 | 2,657 | 1,491 2,415 | 1,552 | 2,527 | 2,011 2,596 | 2,120 | 2,512
1001 3718 | 3,530 | 3,702 | 3436 | 3714 | 3,499 804 | 2,096 | 3,719 | 3513
1002 2,770 | 1,525 | 2,699 | 1,612 | 2593 | 2016 | 2,712 1,732 | 2,502 1,446
1004 1,694 | 1,219 | 1,733 1,290 | 1,456 | 1,072 1,742 1,154 | 1,765 | 1,132
1005 1,411 846 | 1,333 749 | 1,277 729 | 1,189 757 1,328 778
Candidate 3,838 | 3,511 3,771 3288 | 4,059 | 3,421 1,337 | 1,344
T.Tme | 5870 | 5232 | 5577 | 5028 | 56.31 5138 | 5363 | 5201 58.19 | 52.57
BendD. | 1.11 1.09 1.12 1.12 1.12 1.10 1.13 1.09 1.10 1.09

| o 1.79 1.88 1.80 1.84 1.80 1.84 1.92 1.88 1.79 1.87?/




( w

route #

route 1

Sejong City
Goundong Community Center
South

Daejeon City
Government building
station

Jongchon High School

City Hall Station

Gajae Village 7 Complex

Yongmun Station

North side of Government Complex

Sejong Seodaejeon Intersection
East side of national research Station
complex
North side of Beomjigi Village Noeun Station
Complex 10

Arum Elementary School

Chungnam Univ.

Daepyeong-dong

route 2 Gajae Village 7&12 Complex Wolpyeong Station
Saeteum Village 5*8 Complex Governmeqt buiilding
station
First Village Complex 1 City Hall Station
Hansol-dong Hanam Univ.
Daepyeong-dong
route 3 Boram-dong .
: ; Complex terminal
Sejong City Hall
Sodam-dong
Sodam-dong Noeun Station
Sejong City Hall
te 4
route Boram-dong Hanbat Univ.

% Selection of high-priority routes using simulation results

= .-. :Z. Route 1

Route 2 P
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Sc"éna;irjo #0 (defau.lt) 3 e -Scenario #1 (new b_ridg_e opt #1) "

Increase of

number of ——>
JAN ) lane on 5

- Wy L% bridge : / A ) N
N L \ 2 -3/

(5]

\-Sc'éna'rio #2 (new bridge opt #2): " \Scenario #3 (lane extension)” v ST J




(% Simulation result of traffic volume change due to new bridge location change (Weekday) )

A hatBridge DOWN

. hatBridge UP — aa
Eﬂu T g — - 350 —5?_1_ |
— 501
~ 2. |
] - E: \ |
:, |
5

bfime (15mint

300

Number of traffic count

200 |

100 |

\ Scenario 1 /
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(o Sejong City Public Bike Operation Improvement Policy Media Report (’20.07)
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("¢ Establishment of policies to improve public bicycle operation through digital twin analysis\

P Analysis Item Contents
e . Number of uses, subscribers, age
v groups Operational
omm = . Number of rentals/returns per status analysis
i General Analysis h
b : our
..’ & :
s -"v ' Status of use of station by public Encouraging
RS bicycle model non-used
4 T members to
. 2 Users compared to Membership distribution by
; = reuse
y the number of users number of rentals
Maximum number of rentals per leo?atlon h
rental station per hour guide Tor eac

rental station by
Turnover ratio in peak and off- time
peak season

Adequacy of the
number of public

bicycles Recalculation of
Relocation demand by time of the right
rental stations number of
- holdings

Utilization rate by model, turnover

ration .
Expansion of
Usgge.Trends oy Preference by Public Bike Model n.umber of
public bicycle model bicycle and
B Proximity rental rates by public station of
s bicycle model popular models

\ Digital twin analysis Established policies/




171 Future Direction

/020 Identify and analyze the general status of digital twin virtual cities
< @ Promoting future prediction simulation-oriented research & development
% (@ Promotion of automatic synchronization(auto update data & model) technology
between virtual and real cities

Policy Decision Making Support
System

ETRI Digital Twin Plaform

Infra. Pop. Traffic

FEP/BION B £ B ROO|E]
SLAZIEALS Bizt2G0lE

1
1
|
]
:
Movement Viewer Bicycle Viewer -
e T TR @ Realtime i
Status/ Sim. & _

Overall Transportation Public Bicycle Report i BikeSim M-busSim BridgeSim

:; CitizenSim BehaviorSim | Infra.Sim
i

M-bus Viewer New bridge Viewer i : .
9 :L. Interacil/lon Behavior City Component Model
- odel
1
Bus Overall Bridge i
@ - Distributed High Performance Sim. Engine
Data & '
Big Data Hub Syst e |
1 ata nu stem
2 y ' UAlét?[ : ETRI Digital Twin Storage
Data identification/collection/refinement pdate i :

i 1
o1
1
i
[}
i
]
1
[}
]
1
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Sewon Lee

The Future of Urban Al: Implementations and chal-

lenges

The purpose of this presentation is
to reveal the relationship between
Al technology and urban space, and
to propose policy directions by
analyzing the data, technology, and
decision-making methods needed
to implement Urban Al. For this
purpose, we researched cases in
each field where Urban Al has been
introduced to see how Al technolo-
gy is applied to cities, what differen-
tiates them from similar digital
businesses, and identified four
elements necessary for Urban Al.
These four elements are urban
data, Al infrastructure, Al industry
ecosystem, and governance, which

must be included when we estab-

lish an Al strategy at the city level
and aim to implement Urban Al.
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1-1. Al Tech Trends P DAL

& Global Al industry market size will be 4.6 times larger than today ($407 billion), with GDP growth of 5-26% by 2035

< Productivity gains from Al are more than double those of past IT revolutions (1.2% CAGR)

& Post-generative Al, global GDP grows by 7% per year (over 10 years) and nearly 300 million jobs become more productive

Impact of Al on global GDP and GVA in 2030-35 (in %) Productivity gains driven by tech innovation ( CAGR, %)

= AI2 918t GDP MXE(%) BASE Al =0] oJ3t B2t
AIZ 915t GDP MERZ(T,$)
[ USA | 26 46 12
China 281 . i
7 Finland | 21 4.1
North  \— 145 England | 25 mw3e
America 3.7 i
L ’ Sweden | 1.7 3.6
North e 0.9 Netherland | 1.6 32
Europe 18 i 0.6
I Germany |14 3 )
East s 115 -
Europe | 0.7 Austria |14 3 -
Developing mmmmm 10.4 France |17 29 0.3
Asia [ D8 Japan p.sm2:7
Latip . 54 Belgium | 1.6 m2:7
Americal 05 -
Spain | 1.7 w25 i g
etc 56 [ Steam Industrial IT Al
ltaly |1 718 :
| 1.2 L Engines Robots Industry  (Current to
(1850-1910) (1993-2007) (1995-2005)  2030)

Data source : Article by Mirae Asset Securities Digital Research Team using data from PwC, Accenture, and McKinsey

-1-



1-1. Al Tech Trends LD

| . Urban and Tech

% Al has been projected to have an economic value of around $11 trillion to $11.7 trilion even in its early machine

learning(ML) stages, but the economic value is expected to increase by another 15-40% in about a year after the

advent of generative Al
171-25.6
13.6-221
<l (
~15-40% ~35-70%
Economic Economic
Upside Upside

Machine leaming  Generative Al Total use case—  Create Al users Total Al economic
deep leaming Use cases driven potential productivity Potential

Data source : McKinsey & Company. 2023. p.10.



1-2. Urban and Tech

“Urbanize Technology”
“Cities are already built and run on technology, and cities that don't work are

unsustainable.”

Al City

) ] Al Urbanism

Q. What does it take to make city—level Al happen? (2020’s~)
Ubiquitous City
(2005)
New Urbanism
(1980’s)
Industrial machines, IT Tech Al Tech '
Automotive (1995~2005) (2015~)

(1920’s)



1-2. Urban and Tech Ll amlT

| '. rban an Teh
NSCAI, Al Policy Report

Examples: _
Machines are able to

Event forecasting and pattern Preventative | Example:
; ; rocess, analyze,
analysis have impacted nearly all  vehicle ILJndeﬂ:-l?ntj HE:M -m'rmic Richer
industries (2.g., finance, farming,  Maintenance : L i Human-Computer
X . ; human language, either 3
and transportation). Precision 5 Interaction

. spoken or written.
Agriculture

Current
Application of
Al in Key Areas

Planning and Optimization

Determining
necessary steps to Example:

Computer Vision

Perceiving and
= ) Example:

learning visual tasks from

the world through Livestock

Monitaring

complete a series of . i
; Transportation

tasks can save time Planning

and money, and in Cities

improve safety.

cameras and sensors.

Robotic Process Automation (RPA)

Modeling and Simulation

Software robatics 10 help Example:
i hueics organizations automate tedious
Muuelmg DLlr‘J!'l‘y'bl._.c-lI. . Examples: : d o R RPA Platforms
economical, and social world to and repetitive tasks.
COVID-18

support the study, optimization,

i ; i Research
and testing of operations through

simulation without interfering or Tracking _
interrupting angoing processes. Space Debris

Data source : NSCAI. 2021. National Security Commission on Atrtificial Intelligence Final report. p.33.



1-2. Urban and Tech

“Just as Google collects data from the Internet to develop its Al platform,

do big techs want to collect Urban Data from cities to develop an Urban Al platform?”

o — ] - ® Search G |
Crawl - “-‘--’ 4 @ Collect uﬁkle policy 0 e
amas —— e

84,658 webpages

20,218 third-party
(10,000 domains)

cookies Cookies of tracker.com
A P Sp——— ﬂ Extract cookies
e | e ® Search for description |

Alibaba Cloud, ET City Brain
SIDEWALK
1LABS -

Data source : https://www.sidewalklabs.com/toronto



1-3. Urban Al I T el

| . Urban and Teéh

“Urban Al” is the crossroads between Al and the notion of “Smart Cities.”

“Can Al help us build sustainable cities? ”

In other words, dynamic cities, inclusive and respectful of the environment.

1. Ontology: Transforming urban data into knowledge of the territory,
infrastructures and uses.

2. Robotics: Creating robots that are capable of movement in an urban context
and that can carry out one or several predefined tasks.

12 C"'.”a”fvf’"-?‘v’“ e Vot e URBAN Al

Data source : https://urbanai.fr/education-programs/workshops/ -6-
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1-3. Urban Al

TR TR

| . Urban and Tech

DECISION MAKING AND
ADAPTATION

Urban Al Anatomy

ALGORITHMS AND
MACHINE LEARNING

DATA VISUALIZATION

DATA PROCESSING

DATA STORAGE
INFRASTRUCTURES

NETWORK
INFRASTRUCTURES
SENSORS AND DATA
COLLECTION
INFRASTRUCTURES
URBAN
INFRASTRUCTURES

Data source : Popelka, S., Zertuche, L, & Beroche, H. (2022). Urban Al guide. p.46.



1-3. Urban Al

UN-Habitat & Mila(2022). ‘Al and Cities’

“There are symbolic and statistical approaches to Al.

The Al that cities need is a hybrid, an intersection of the two.”

SYMBOLIC Al HYBRID Al MACHINE
LEARNING

Data source : UN-Habitat & Mila. 2022. Al and Cities. 13p.
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{ F Chapter 2

Use Case and Policies Studies

Design 88 ¥ Design8 ¥ Design 800 Q

98% Score 89% Score

&
e}

ource : https://www.aecplustech.com/tools/delve



2-1. Al policies ;Y

II. Use Case and Policies Studies

Overview of National Al Strategic Planning

Artificial Intelligence Strategies

March: Pan- May: Al October: December:  January: March: Al at  April: First April: UK May: White May: June: Towards Fall 2018:
Canadian Singapore Al Strategy Finland’s Al Budget for Al the Service = Workshop Al Sector House Summit Sweden’s Al an Al Strategy EU’s Al
Al Strategy Announced 2031 Strategy Taiwan of Citizens  for Strategy Deal on Al Strategy in Mexico Strategy

M-I EES=

e

—1|

March: Al July: Next  December: January: January: March: April: May: Al June: Fall 2018:
Technology Generation Three-Year Blockchainand Strategy for France’s Al Communication Australlan R&D National Germany’s Al
Strategy Al Plan Action Plan Al Task Force Digital Growth Strategy on Al Budget Strategy Strategy for Al  Strategy

Data source : https://medium.com/politics-ai/an-overview-of-national-ai-strategies-2a70ec6edfd



2-1. Al policies

Il. Use Case and Policies Studies
Differences in Al Strategic Plans across countries

ZN1 S

- Established the first National Al Strategy in 2017

- Research Ecosystem Centered on Al Research Institutions
- Al-based supply chain Super Cluster(Scale Al)

- Establishing a legal framework for Responsible Al

- Developing an Algorithmic Impact Assessment (AlA)

- National Al Strategy in 2021

- Long-term investment in the Al ecosystem
- Regional and sectoral Al Growth (Benefits)

- Effective Al governance

- Tech Nation

(National Al Strategy in 2019)
- 9 strategies in 3 areas, 100 top actions

- 10 projects announced to bring Al to the people

- 4
“ UBXIsS =T LU= &2
I susa |

e
301 @R Al AN & A A
A N

6.6xw 50w 1.0007%
- 2,618 c 3a0m
- » 14.7% 39 ,&
7“ ik ¥ 2 5.
.ot 2% (N AT 7 BN, T1 M IRS s IDRA 30

1100 =me |

F oY =8 ae= L Al 7@ iEe Mg
Al 21193 el =7} A B4~
BB 01 AR 1 WA 1@ 2213

B 88 8% A BRAER 28 ME
B AR AR SR
0 R Xy BRWEY TR

WA 2PHE £ naws
B K-SRURE Ba

=

- “Preparing for the Future of Al" and "National Al R&D

Strategic Plan"in 2016

- Enactment of the National Al Initiative Act of 2020
- the National Council on Al (NSCAI) report, 2021
- Al R&D Strategic Plan 2023

- Manufacturing and Physical capital = Al Strategy
- National Al Strategy shifting its Al strategy to a human

rights—respecting and inclusive approach in 2020

{Smart City Master Plan)

- 3rd Master Plan identifies Al as one of the leading technologies of the future

- Toward a Cyber Physical System (CPS) that combines Digital Twin and Al

Uity SUNRE B0

SUSURY E2uE X AR AE| HAD

ADHEAIE] @izt 7|8t0] & FRE SAE GNOE GI0|EEE BHF Al-AR(22) F2

-10 -



2-2. Al Strategy Plan

II. Use Case and Policies Studies

Seoul Plan 2040 Seoul Smart City Plan Seoul Al Strategy Plan

“Finding Al services for
Seoul and establishing
a Master Plan”

“Urban management
and operations with

“Urban Planning with
Big Data and Al”

TE =i

R g
71 2 G
2 ULEHS T 30 LY B9
2% RS 030
Klofm Mot SHos Ty

ygs A

Al”

?

i Afed Bhie| 71201 s wE
DA G Hge| TAREEE 50P) Sl : :
EHE 7 EUF| 7 D5a 3 AR LG 2 O 1 - - 1
} JaSE AN e 4 DEAClS) GRE MG Y 1 Howa AR Wi e SHEN A S i AT 1
2 NFRE §ine 28 O 7tk o 1 1
T i : s 1 L ‘ S [ e . 1
2 i HASE CAE fiB BTN T2 HE, CERIS 71 3 S Tjkty ADE REEAl g 2 - BIEl Sl MHIA TR
O3e7|E Zusk=
§ IE‘:II}:."'IfI‘;. .__Ulol._;_ e o A5 eI 1S5 1 a | — 1
HbEE WHEA FF il tin 1 1
|47 1E3 MEEn] N 1 TIWE WOIE EA| FY AOJER SHEEA TR 7 B R 1
G2 CHst 2 T8, Die AR S5 iE 1 1
LAY FRE AN R 1 1
1 1 5w
: : o oLIERe ] Ry HEMNE
1 1 e s ey - OOIE 4E A
; I I .ﬂt‘n‘J TEIET M LA ALl A - Hoime g2
i 1800’ I I , | im0 40 s s 2 e eamen | e
EOCT Ak 27 : : Aty _ - s R
3 | pazAoas B bl - i D Al
! Human- ! e B ARSI
: Centri City Innnova City : 4 | EARASEIR ALAR mciflﬁiaifa. - ETIBE TS NS
I S 1 o i .EI_FJ'Q’.’;&!?J Sy
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2-2. Al Strategy Plan

NYC Al Strategy Plan

AMPOD Algorithme Managemant and Polley Officer
CPO & MOIP Jislossrofite o oivecy
NYC CTO Mayor's Office of the Chief Teshnolagy Officer

NYC3 Mew York City Cyber Command
OME Office of Management and Budget
MoCcSs Mayor's Difice of Contract Services
LAN Law Department

MODA Mayar's Dffice of Data Analytics

DOITT  ndTelecommunications

OPPORTUNITY Mayors Office for Economis Opperturity
CIDI Conter for Innovation through Data Intelligence
ncep Department of City Planning

NYCEM Mew York City Emergency Management

CLA Office of City Leglslative Atfairs

IGA Mayor's Dffico of Intergovernmental Affairs
CCHR City Commssion an Human Righta

T+B Town - Oown: NYE ot NYC DOC

DOHMH # Departmentaof Heaith & Mantal Hyglene
DSS ®  Department of Soclal Services

Doc = Department of Correction

FDNY # Mew York City Fire Department

NYPD # Mew York City Police Department

DCAP = and Worler
DOF Department of Finance
MoCcJ Mayor's Office of Criminal justice

ACS &  Administration for Children's Services

CEC = Civie Engagement Commisaion

DCAS Department of Citywide Administrative Services
DOE = Department of Education

cuny City Unlversity of Hew York

" =
o

NYPL/BPL/QPL Public Litraries —"

EDC NYC P A

SEBES NYE Department of Small Business Services —

‘s Otfice of Minerity
M/ WBE e el Sinets Enterprises

GOVERNANGE 7\ haicer s e “
mnlemantation of policy and leglialation.
Oversight of City Use
v Bt gy . . policias, dRtA SETEAMaNTS, nd athar toples
iy this vein, Dffices often focus o oy of thia work
Policy and Legisistion .
icisih i e Tea)
¥ ned ¥ U
Data Governance
i and pras o asRatE and make them ussble; soms
ke on Chtwakd s -spacifi e
. Inrduree asing 3
() APPLICATIONS scoimuchus, mich an tutn stimncs ar sty anatyisss. ais inep invisise
Ansildtng. ot g, rucutiing sy At Al il odes Bulideng
City smmecity far aush sfforta
Implamantation
, Direct use of Al, ML, date science, or other related Fleed with

iy astorisk use “slEorithmic Wols” per AMPO'S 2020 m“rvufmnwmnﬂuna
Reparting,

mmmm
@ Inciudes vat include perfarming snaly fing data sclence and
ﬂhlﬂw—wﬂﬁ*nﬂmmuwh :

Bulicting Intemal City capacity on Al or relnted sublects vin partnorships, staff training,
or sthar approaches.

) RESTDENTS b sl sl st sk ot el
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Wmummum:ﬁwh

Human and Civil Rights
< Profecting hew Yorkers' human, civil, and digial rights with respect (o Al s related

Publia
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work Iﬂ mil " pratits, and
Tnb ”mgm mm mmmw

Data source : https://www.nyc.gov/assets/cto/downloads/ai-strategy/nyc_ai_strategy.pdf
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2-3. Urban Al Use case 1 a1 1

I1. Use Case and Policies Studies
Urban Al Use case

_ _ Wecou nt

. Virtual Curb T 15 e s L | papen

e

TREE CANOPY NEED

EE T
TREE i EXISTING

EQUITY - CANGPY - = X PRIORITY
SCORE GOAL CANGEY.
Sullding High
nsity lut
djustrmen W
Cityscapes DCGAN Keras API| TFjs Node.js
Edited dataset Pix2pix at 16/32/64 fiters  Train/test on VM GPU Maodel Model Host Service

e T nomde

Keras TensorFlow.ss

CITY!
—
s CityScope API citylo
CityScope TUI Urban modeler CS Backend
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2-3. Urban Al Use case

Classify cases by Urban Al area and derive key content

Mobility
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2-3. Urban Al Use case B o

II. Use Case and Policies Studies
Implications of City level Al Use case

Alibaba, City Brain NVIDIA, Metropolis
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2-3. Urban Al Use case

Implications of city-level Al cases
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Chapter 3

Implementations and Challenges

HAVE YOU FIGURED

How will Al impact \
OUT HOW Al WILL

our business?

IMPACT OUR
BUSINESS? WORKING There are ma
ny ways
\ ON IT. that Al can impact il

\

® marketoonist.com

2l &X: https://marketoonist.com/2023/01/ai-tidal-wave.html



3-1. Definition of Urban Al | -

Ill. Implementations and Challenges

Definition of Urban Al Elements for
implementing Urban Al

Urban Data (Machine Readable)
& AllPolicy
AN Framework Act Al Infrastructure
National AIRPIans
; Al E st
@ty AIRPIanS h cosystem
Urban Al Governance
Al Tech

Urban Spaces |

* Complexity |
> Policy, context

- Physical presence
> Stakeholders

“NVachine/lDeep
— [learning

GenerativerAl

TAUteORNOMOUS
Intelligence |

Urban Al

Urban policy

* Related Laws
*Urban' Master Plan
- Smart City Master Pla
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3-2. Urban Data for Al Tl

Ill. Implementations and Challenges

What is Urban Data for Al?

Degree of digitisation of plans

Plan as Plan as
PDF geo-referenced geodata machine-

(or similar format) Iimage readable
(plan boundaries system?
could be geodata)
analogue plan digital plan data in broad sense
data (often embedded in digital database)

plan data not in GIS environment

Data source : ESPON(2021), DIGIPLAN - Final report "Evaluating spatial planning practices with digital plan data -18-



3-2. Urban Data for Al T B,

How do we create Urban Data for Urban Al?

Machine Readable

Reproducing

Changes to existing laws Al Model
Urban Al Data Strategy (Foundation

Model)

Urban Infrastructure Behavior 1 Behavior 1 Behavior 1

A

Persons

The Goal of Urban Al

-19 -



3-2. Urban Data for Al ® m ey o

Ill. Implementations and Challenges

3 Urban Al
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3-3. Al Infrastructure

What is Urban Infra for Al?

OECD, Al System

Perception bias

Model (¢.g., rules or analytical function)-a " J
D interpretable or not by h 2
Technical bias ‘

Activation bias

g o v
& Fomsost Counsamy gt
@ = E=lE)
a Lo &
Tom @ e e
a Tl L
Lararas were

Data source : https://doi.org/10.1787/d62f618a-en

Urban Al

DECISION MAKING AND
ADAPTATION

ALGORITHMS AND
MACHINE LEARNING

DATA VISUALIZATION

DATA PROCESSING

DATA STORAGE
INFRASTRUCTURES

NETWORK
INFRASTRUCTURES

SENSORS AND DATA
COLLECTION
INFRASTRUCTURES

URBAN
INFRASTRUCTURES

Ill. Implementations and Challenges
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3-4. Al Cluster

Ill. Implementations and Challenges

; ?
Where are the Al clusters in South Koreas Super Cluster(Scale Al)
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3-b. Al Governance

Ill. Implementations and Challenges

Responsible Al

AlA, Algorithmic Impact Assessment
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©

Data Governance
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Data source : https://foundation.mozilla.org/en/data-futures-lab/data-for-empowerment/shifting-power-through-data-governance/
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