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Geospatial Artificial Intelligence 
(GeoAI) 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 
GeoAI to the study of infectious 
disease transmission and human 
health conditions. It is argued that 
GeoAI 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 GeoAI in 
health systems modeling.

Jean-Claude Thill
jean-claude.thill@charlotte.edu
University of North Carolina at Charlotte

Keynote Speech

Geo AI- The New Frontier in Health Systems Modeling



GeoAI – The New Frontier in 
Health Systems Modeling

Jean-Claude Thill, Ph.D.

Knight Distinguished Professor
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Geo + AI
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• GeoAI, aka Geospatial Artificial Intelligence
• Geospatial studies using analytical approaches of artificial 

intelligence
• Spatially explicit
• Artificial intelligence (AI)

• 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 AI

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



Geo + AI
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• How new is GeoAI?
• 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 AI principles since the 1980s
• Spatial heuristics 
• Fuzzy sets theory
• Spatial decision support systems

• On the other hand, new conceptual and technical developments in AI, ML, etc
• 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

• GeoAI is more than incremental, more akin to the onset of GIScience
from the ashes of computer mapping 



Geo + AI
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• 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



Health Systems Modeling
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• 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, …



Health Systems Modeling
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• Three main groups of spatio-temporal analyses of infectious 
diseases:
• Ecological modeling

• Aggregated, incidence rates: Disease clusters & hotspots 
• Usually econometric, not GeoAI

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

• Machine learning



Study I - Spatial SEIR Model
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• 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
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Study I - Spatial SEIR Model
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Study I - Spatial SEIR Model
• RMSE shows good fit
• Fit varies across zones
• Our model outperforms RMSE of benchmark model: 

• CDC’s Ensemble model is benchmark



Study II – Deep Learning Predictions
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• 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



Study II – Deep Learning Predictions
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• 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



Study II – Deep Learning Predictions
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• Implementation at US county level (3,129)
• Experimentation with sampling among counties
• Two LSTM layers of 128 neurons
• A fully connected layer of 32 neurons 



Study II – Deep Learning Predictions
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• 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 predictive performance up to 4 weeks ahead



Study II – Deep Learning Predictions
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• Good predictive performance compared to CDC’s Ensemble model



Study II – Deep Learning Predictions
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• LSTM vs CDC Ensemble Model, spatially



Study III – Spatial Agent-based Model
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• 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
• Role of surfaces (fomites)



Study III – Spatial Agent-based Model
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• Role of public/shared transportation
A. Introduction of pathogens to new area
B. Acceleration of diffusion
C. Becoming a disease vector

• Transportation vehicle as active agents (C)
• Explicit modeling of fomites



Study III – Spatial Agent-based Model
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• Core model of disease transmission
• MV contamination
• Transmission in MVs
• Infection of human riding MV
• S[E]IR for human-to-human

• Of course, there is also transmission 
in baseline population
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• Modular simulation system
• Based on actual population and 

micromobility data
• Disease transmission (SIR-SC)

• Micromobility based 
• Baseline population

• Contact networks
• Actual microlevel micromobility data
• A synthetic population of agents

• Microlevel
• Fitted to small area census data
• Spatially disaggregated
• Contact networks
• Assigning people to work places
• Assigning people to micromobility trips
• Assigning people to housing units

Study III – Spatial Agent-based Model
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• 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, Illinois  
• Study period: June-July 2018
• Population: 5,194,675 (2,746,388 live in the City of Chicago)
• 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
• Includes demographic information (age and gender) of users

Study III – Spatial Agent-based Model
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• Emergence of a viral disease through micromobility
• Initial conditions

• No infectious individual
• A single contaminated bike (located in CBD)

• Count of the number of outbreaks (at least one other infected person) in 30-
day period
• 50 replications in the simulator
• Even with small R0 values, outbreaks are possible
• Up to 14 out of 50 outbreaks (28%)
• Micromobility to start a major viral event

Study III – Spatial Agent-based Model

p )
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• Dynamics of a viral disease through micromobility
• Under various scenarios, micromobility does not significantly affect viral disease 

dynamics

Study III – Spatial Agent-based Model
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• 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)

Study III – Spatial Agent-based Model
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• GeoAI is part of the natural evolution of GIScience
• Greater analytical capability
• Leveraging microlevel data
• Leveraging computational innovations

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

• Through 3 studies, I have shared my own experiences with modeling 
frameworks with various levels of innovations in spatially explicit GeoAI
• Two distinctive assets are external validity and knowledge discover through 

scenario simulation  

In Guise of Conclusion



GeoAI – 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
akiyamay@tcu.ac.jp
Tokyo City University

Research for DXing municipal decision making using 
urban spatial information and AI to realize a better life



Research for DXing Municipal Decision Making 
Using Urban Spatial Information and AI

to Realize a Better Life
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Yuki AKIYAMA, Ph.D.
Associate Professor
Department of Urban and Civil Engineering,
Faculty of Architecture and Urban, Tokyo City University (TCU)



Self Introduction
Name：Yuki AKIYAMA (秋山祐樹)

Birthplace：Okayama city, Okayama pref. Japan

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

Main fields: Spatial information Science, Urban engineering
Urban Geography, Transportation engineering
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Remote sensing GIS 
Urban analysis
Data development 

Bigdata
Dynamic data
Machine learning



Name：Yuki AKIYAMA (秋山祐樹)

Birthplace：Okayama city, Okayama pref. Japan

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

Visiting Associate Professor, Reitaku University
Visiting Researcher, CSIS, The Univ. of Tokyo

Technical advisor, Microbase Co. ltd.
Council, LocationMind Inc.
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https://www.microgeo.biz/ https://locationmind.com/

Self Introduction



My experiences of Korea 4

Visiting researcher in KRIHS (2015-2017)

Join many conferences and seminars

Seoul (So many times!)
Busan
Daegu
Inchon
Sejong
Daejeog
Jeju
Goyang New!!



5Outline

1. Brief Introduction of My Research Activities

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

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



Background

Many problems in urban area
Decline of 
city center Aging Traffic 

management
Disaster

prevention
Environmental 

problems

Design urban planning to realize smart city and society

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

6



Commercial accumulation
statistics

Time-series data

B-B transaction bigdataDigital map, 
telephone directory

Web information
(SNS with geotag, search results etc.)

Various spatial data (Building, shop, company etc.)

7Various spatial big data in Japan



Person trip data Mobile census

Estimated person flow data
Based on SNS locations

Micro population census

人の流れプロジェクト
http://pflow.csis.u-tokyo.ac.jp/index-j.html
・パーソントリップ調査の結果を加工して作成

©株式会社ナイトレイ ©東京大学 柴崎・関本研究室
©マイクロジオデータ研究会 ©人の流れプロジェクト
©東京大学空間情報科学研究センター

Akiyama, Y., Takada, T. and Shibasaki, R., 2013, "Development of 
Micropopulation Census through Disaggregation of National Population 
Census", CUPUM2013 conference papers, 110.

8

High resolution geospatial data
which can monitor each POI

(building, person, car etc.)

＝Micro Geodata（MGD）

Various spatial data (Person location and flow)

Various spatial big data in Japan



Micro Geodata（MGD）
Micro data with location and 

time information

Municipal owned data + Field survey
Open data＋Basic Resident Register, 

Building registration data, Water supply data etc.

Finding and resolution of 
Urban problems and 

their support

Statistical analysis
AI
Visualization
Data development

＋

9

Spatial bigdata, 
Satellite image, Census

Research strategy of our lab 



Micro Geodata（MGD）
Micro data with location and 

time information

Municipal owned data + Field survey
Open data＋Basic Resident Register, 

Building registration data, Water supply data etc.

10

Spatial bigdata, 
Satellite image, Census

Urban Spatial Information 
Science Laboratory

(USIS LAB)

Research strategy of our lab 
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① Traffic analysis using 
human flow big data

② AI-based Estimation 
of various building 

attributes

④ Time-series transition 
analysis of stores and 

establishments using digital 
telephone directories

⑥ Photovoltaic potential 
analysis using 3D urban 

model (PLATEAU)

⑤ Developing global micro-
population data using 

satellite imagery and AI

③ Development of estimating 
method for the distribution of 
vacant houses using municipal 

owned data

USIS LAB 
https://usis.jp/Main research topics of our lab
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⑦ Monitoring of 
underutilized real estate by 

drone

⑧ Economic impact analysis 
of Covid-19 using person 

flow big data

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

Akiyama lab at TCU
（USIS LAB) 
https://usis.jp/

Yuki AKIYAMA website
https://akiyama-
lab.jp/yuki/

⑨ Development of AI-based 
automatic detection method for 

suitable development sites

USIS LAB 
https://usis.jp/Main research topics of our lab



13Studies using spatial information and AI is attracting international attention.
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Studies on geospatial information science and AI have a 
significant academic and international impact.
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14Outline

1. Brief Introduction of My Research Activities

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

3. The Potential of Urban Spatial Information and AI 
for DXing Municipal Decision Making 
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2. Introduction of Research Using Urban Spatial 
Information and AI for DXing Municipal Decision 
Making 

ⅰ）Estimating the distribution of vacant houses 
using municipal data and AI (Domestic)

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



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

16

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.g. 
disaster prevention and crime prevention obstacles, lower tax revenue, 
deterioration of the landscape)

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

Local governments need a method to survey vacant houses.



17i）Estimating the distribution of vacant houses 
using municipal data and AI

Basically, monitoring method 
for spatial distribution of vacant house is

Field survey (visual inspection)

Field survey in board area (whole municipal area) needs

Many time!
Large amount of labor!

Large cost!
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Three problems for municipalities in surveying 
vacant houses by the field survey

(Based on interviews with several local governments)

Expenses for 
outsourcing

（In case of Maebashi 
City: about 100,000 

surveys）

About 13 million Yen
(≒85,000 USD)

(≒120 million ₩)

Field survey period 
= About 1.5 years

↓
Organize survey results 

by research firm
= About 0.5 years

↓

Over 2 years

It is difficult to judge 
from the outside. 

There is a bias in the 
results depending on 

the surveyor.

Variation of 
results

①Cost ②Time ③Judge

i）Estimating the distribution of vacant houses 
using municipal data and AI
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Let’s try visual inspection of vacant house!

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

Survey date：Aug. 09, 2023
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Let’s try visual inspection of vacant house!

Survey date：Feb 28, 2020

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

Non vacant

Non vacant
Vacant

Non vacant



① Using 
municipal data and 

AI

③ Using drones② Using 
building image 

and AI
Vacant

Realization of vacant house survey technology applicable to 
various municipalities by integrating methods ①～④

● Provide vacant house survey method according to 
available data and budget

● Support for DXing of vacant house measures

21

④ Using 
open census

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

Development of methods for estimating the spatial distribution of vacant 
houses to reduce the burden of field survey by municipalities
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DXing of vacant house distribution surveys using 
municipal data

Resident
Register

Information

Property tax ledger Water
Consumption 

・Address
・Gender
・Age
・Years of residency
etc…

・Address
・Construction year
・Building use
・Structure
etc…

・Location
・Address
・Monthly 
consumption

etc…

Vacant house probability estimation 

Vacant house 
data

・Location
・Address
・Condition
etc…

AI

Open
geodata

・Population
・Elevation
・Distance to
convenience facilities

etc.

Result

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

Spatial 
Integration

Estimation of 
vacancy rate

Machine
learning
（XGBoost）
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Estimated result of each building (e.g. Maebashi city)

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

秋山祐樹，自治体データ・民間データを活用した空き家分布推定手法の開発, 土地総合研究, 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, IGARSS 2022 Proceedings, #3960, 2022.

Vacancy rate (%)

High

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

Areas where both values are high 
= high priority for countermeasures

Municipality can prioritize areas where vacant house 
surveys should be conducted

Number of vacant house Rate of vacancy

i）Estimating the distribution of vacant houses 
using municipal data and AI
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Reliability of the model

Estimation value

Non-vacant Vacant

True
value

Non-
vacant

73,772
(TN)

7,474
(FP)

Vacant 878
(FN)

1,409
(TP)

Evaluation index

Accuracy (%) 90.0

Recall (%) 61.6

Specificity (%) 90.8

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

Accuracy
= (TN + TP) / (TN+TP+FN+FP)  

Recall = TP/(TP+FN)
Specificity = TN/(TN+FP)

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



Confirmation of applicability in other municipalities
（Case of urban area）

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., VI-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, Transactions in GIS, 
https://doi.org/10.1111/tgis.12992, 2022.

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.

秋山祐樹・馬塲弘樹・大野佳哉・髙岡英生, 機械学習による空き家分布把握手法
の更なる高度化 自治体の公共データを活用した空き家の分布把握手法に関す
る研究（その3）, 日本建築学会計画系論文集, 86(786), 2136-2146, 2021. 

26i）Estimating the distribution of vacant houses 
using municipal data and AI



27

Confirmation of applicability in other municipalities
（Case of rural area）

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



Problems to use municipal data

28

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!

i）Estimating the distribution of vacant houses 
using municipal data and AI
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2. Introduction of Research Using Urban Spatial 
Information and AI for DXing Municipal Decision 
Making 

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

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



30ii) Developing micro population data to support 
urban development in developing countries

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.
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Development of global micro population data (MPD) using 
satellite image and AI

Development of MPD in areas 
where maps and census are well 
managed (developed countries)

MPC in developed countries

Development of MPD in areas where 
maps and census are not available 

(developing countries)

Development building data

Development of a model to 
estimate the number of 

households and population per 
building

AI

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

AI

Satellite image

MPC in developing countries

Apply

Model update
AI
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Development of method to extract buildings from satellite images

Create training
data

Develop deep 
learning model

Extract building

Accuracy of building extraction (e.g. Tokyo)
Center of Tokyo

(Shinjuku)
Suburb of Tokyo
(Hachioji city)

Previous study
(Suburb of Christchurch)

IoU（％） 62.8 75.4 83.3

Extraction rate（％） 68.1 91.9 89.0

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

to existing studies.

* 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.

ii) Developing micro population data to support 
urban development in developing countries
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Development of method to extract buildings from satellite images

Create training
data

Develop deep 
learning model

Extract building

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

In Japan
Detailed building data are available. → training data for AI.

Developing countries
Reliable building data dose not exist.

Developing training data 
by field surveys of cities in developing countries

Target city: Bangkok
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Field survey in Bangkok (Oct. 2023)

Survey items
• Location of individual buildings

• Type of building

• Number of floors

• Number of households (for 
condominiums)

ii) Developing micro population data to support 
urban development in developing countries
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Prototype of the MPC on Bangkok 

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.

ii) Developing micro population data to support 
urban development in developing countries
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Prototype of the MPC on Bangkok 

ii) Developing micro population data to support 
urban development in developing countries
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Prototype of the MPC on Bangkok 

ii) Developing micro population data to support 
urban development in developing countries
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Toward DXing Bangkok's Urban Planning

• 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.

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



39Outline

1. Brief Introduction of My Research Activities

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

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



403. The Potential of Urban Spatial Information and 
AI for DXing Municipal Decision Making 

In 2020s of Japan and all over the world…
Era of urban engineering + IT（ICT・IoT・AI）
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Urban planning in the 2020s will change as follows (maybe?)   
*This is my personal opinion...

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

Increase the frequency and speed of “actions”
→Create a reason to make actions based on the data (= 

Evidence).
→Quicker and faster actions
→Improve actions by repeating trial and error quickly.

Use of closed data (personal information)
→Anonymization techniques and data literacy

will be improved.

AI will be utilized society and local government
→AI makes candidate answers. The job of humans 

is to make the right choices and execute them.

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

• AI 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.

3. The Potential of Urban Spatial Information and 
AI for DXing Municipal Decision Making 
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If you are interested in our research and our lab, Please 
visit our website!
https://usis.jp

Thank you for your kind attention!

경청해주셔서감사합니다!
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The talk will present recent 
research efforts on urban and 
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 AI & 
analytics. For example, the group 
has developed the first global open 
registry of rooftops for urban 
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.

Filip Biljecki
filip@nus.edu.sg 
National University of Singapore

Advancing urban modelling with emerging geospatial
datasets and AI Ke
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Advancing urban modelling with 
emerging geospatial datasets and AI 
technologies
Filip Biljecki 
Assistant Professor, National University of Singapore
Director, NUS Urban Analytics Lab 

Background image: Mapillary data in Helsinki



Our research group
NUS Urban Analytics Lab

• Urban data science & geospatial engineering. 
Breaking the silos between GIS and urbanism

• Emerging urban data sources

• GeoAI

• Crowdsourcing

Geospatial foundation

Acquisition Processing Quality

Applications / analytics

Standards





(c) OpenStreetMap contributors



GANmapper — geographical data translation

New means of building data generation using Generative Adversarial Network

Published in the International Journal of Geographical Information Science. Credit: Abraham Noah Wu

by Abraham Noah Wu



GANmapper — geographical data translation
New means of building data generation using Generative Adversarial Networkg g g



Predicted no. of buildings = 50
No. of buildings mapped in OSM = 1
🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍🔍 Poor OSM completeness 😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐😐





Sensing cities from accommodation reviews
by Wang Jiaxuan

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.

Uncovering a latent type of VGI?

Source: Inside Airbnb



Sensing cities from accommodation reviews
by Wang Jiaxuan

• Five aspects:

• Greenery

• Public transport accessibility

• Crime

• Noise

• Density of amenities

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, …

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).

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

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?



Roofpedia
Global open registry of roofs for urban sustainability



Roofpedia
Global open registry of roofs for urban sustainability

Published in Landscape and Urban Planning. Credit: Abraham Noah Wu



by Abraham Noah Wu



Obtained from Google Street View



Images are obtained from Mapillary following a manual exploration



Sky

Images are obtained from Mapillary following a manual exploration

Buildings

Greenery





Assessing bikeability from street view imagery
By Koichi Ito

Credit: Koichi Ito

Bikeability 🚲

Orchard Rd, Singapore from Mapillary



Sound map of Amsterdam 2018, Source: Sound map of Amsterdam 2018 / Topografische ondergrond © Gemeente Amsterdam



• SVI — a new instrument to sense 
noise? 

• Bypassing field measurements and 
an alternative to simulations 

• Sound intensity…

• + also nature & quality of sound

• Traffic, Nature, Human noise

• Pleasant, annoying, …

Sensing urban soundscapes from street view imagery



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





Revealing spatio-temporal evolution of urban visual 
environments 
Research led by Liang Xiucheng

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



Imagery source: Google Street View



Imagery source: Google Street View



Imagery source: Google Street View





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)AI, 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



 Urban Analytics Lab | Singapore 

Connect with us

https://ual.sg         @urbanalyticslab
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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 AI in recent years 
provide innovative methodologies 
and insights for addressing such a 
challenge. This study discusses the 
promising potential of using AI 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 AI-aided environmental 
planning and design, underscoring 
their significance in bolstering a 
sustainable city future.

Steven Jige Quan
sjquan@snu.ac.kr 
Seoul National University 
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Addressing Urban Complexity with AI Toward Sustain-
able City Future



Addressing Urban Complexity with AI Toward 
Sustainable City Future

Steven Jige Quan, Associate Professor
City Energy Lab

Graduate School of Environmental Studies
Artificial Intelligence Institute

Seoul National University

2023 International Conference on Geospatial Information Science



How Do We Utilize the Power of AI 
to Better Understand and Design
Our Cities Toward Sustainability?

http://www.ipcc.ch/report/sr15/http://www.koreaherald.com/view.php?ud=20160815000243

Güneralp, et. al., 2017

Seto, et. al., 2017



Apply AI to Corroborate and Improve City Science

Revealing Urban Complexity: Interactions and Nonlinearity 



Complex Urban Systems: Mechanisms Behind Form-Energy Relationship

Quan and Li, 2021



Simulations Suggest Strong Interactions and Nonlinearity

Cover Ratio = 0.5, Number of Floors: 1~40, FAR: 0.5~20

Quan et. al., 2020 Steemers & Ratti, 1999

• Simplified urban settings

• Computationally heavy



Statistical Models to Approximate Urban Complexity

Lee & Quan, 2021

• Limited in modeling interactions and nonlinearity
• Requires assumptions

Variable Transformation & Using Interaction Terms Quantile Regression Model



Machine Learning to Reveal Nonlinearity

Seoul Chicago

Lee & Quan, 2022 Yang, Quan & Li, 2022

• XGBoost • GBDT



Decision Tree Boosting

kNNSVM

Quan, 2021

Feature Importance of Learning Models – Unravelling the Complexity

https://towardsdatascience.com/hyperparameter-tuning-always-
tune-your-models-7db7aeaf47e9



Metric Model type 9:00 AM 3:00 PM 9:00 PM

MSE

OLS 0.36 1.21 0.30

SAC 0.32 1.15 0.25

GBDT 0.25 1.12 0.21

GBDT-LL 0.24 1.09 0.19

MAE

OLS 0.42 0.94 0.41

SAC 0.40 0.91 0.38

GBDT 0.34 0.81 0.31

GBDT-LL 0.33 0.79 0.30

MAPE

OLS 0.14 0.25 0.12

SAC 0.13 0.22 0.10

GBDT 0.10 0.19 0.07

GBDT-LL 0.09 0.17 0.06

R2

OLS 0.51 0.21 0.55

SAC 0.56 0.25 0.58

GBDT 0.63 0.29 0.67

GBDT-LL 0.65 0.32 0.68

Spatial Location • GBDT      • Spatial location

Parth & Quan, 2023



Comparison with Traditional Regression • PDPs      • PPs

Parth & Quan, 2023



Apply AI to Find Patterns in Complex Phenomena

Representing Urban Complexity: From Indicator to Typology



How Do We Represent Urban Form – Conventional Indicator Approach

Three types of measurements of urban density and the development 
with the same FAR and different Coverages (MIT Densityatlas 2011a)

Quan and Li, 2021

Pont & Haupt 2009



Park, H., et al., 2010 & Seoul Development Institute, 2010 Kim, K., et al., 2003

Manual Identification of Urban Form Typology
• Requires expertise
• Time consuming



Li & Quan, 2022

Identification of Urban Form Typology
Using GMM



An Exploration of Form Typology and Energy Pattern

Li & Quan, 2023



Apply AI to Integrate Science Into Planning and Design Process

Reshaping Urban Complexity: AI-aided Design (AIAD)



Shanghai

Design for Sustainable Neighborhoods:

Objective function:
Maximizing FAR

https://pixel.nymag.com/imgs/daily/intelligencer/2016/01/22/22-shanghai-tower.w710.h473.jpg

• Economic outcome



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)

Representations of Urban Form: Parameterization 

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 --

DL 10 64 TBD

DW 10 64 --

Quan, 2019

· Safety  · Privacy  · Sunlight  · Elevator



Optimization Results
Objective Function: maximize FAR

Quan, 2019



Shanghai

Objective function:
Minimizing outdoor discomfort

Objective function:
Minimizing Building Energy

Design for Sustainable Neighborhoods:

Objective function:
Maximizing FAR

• Economic outcome

• Low carbon

• Outdoor human comfort

• ...

Discomfort

Quan et al, 2015

Fiala et al., 2001
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• Pareto front: Equally optimal solutions

Pareto frontier of optimizations of aircraft designed for
minimum fuel burn and NOx (left) and minimum fuel burn and cost (right)

Henderson et al., 2012

Multi-objective Optimization in Engineering

Martins & Lambe, 2013; McMasters, 1985



38 “equally optimal solutions”
in the Paretofront

FAR (maximize) vs Building Energy (minimize) vs Comfort (minimize UTCI ASR)

Quan, 2019



Seoul

Case Study



326 Parameters

22 Constraints
• Reasonable dimensions and feasible patterns
• FAR = 3.6

• Dimensions
• Angles
• Coordinates

Quan, 2019

Energy-efficient Gangnam Superblock Design



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

Performance Model
Urban Scale Building Energy Modeling



0 20 40 60

0 20 40 60

Two Runs
Optimization Results

Quan et al, 2019



Surrogate-assisted Optimization

Wu, Zhan, & Quan, 2021

Extended From Classic Design Optimization: Heavy Simulations 



Apply AI to Enhance Plural Urban Design

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



Measurable and immeasurable Ewing & Handy, 2009

• Some qualities of the design are well measured (environmental performance)

Public participation in design Quan, 2022

• Design for the public

• Design with the public

• Design by the public

Simulations at urban scale are hard

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

Arnstein, 1969

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

Conventional design computation

Participatory planning support systems

How?



Defining Design Space with Representation

Steadman, 2001Quan, et. al., 2019

Prior design schemata, oversimplification Lack of meaning, curse of dimensionality
• Sub-symbolic (grid)• Symbolic (geometry properties)

Difficulty in Schemata Definition and Design Knowledge Acquisition



Representation Learning
Generative Adversarial Networks (GAN)

Goodfellow et al, 2014; Hitawala, 2018

Radford, et al, 2016

DCGAN

Cover Ratio:
0.2 – 0.8

Quan, 2019



Quan, 2019

Urban-GAN



http://pulse.media.mit.edu/maps/

Complex relationship between form and perception
From StreetScore Data to “Feeling Safer” Designs

Real Design Problem: Regulations and Performance

Average over a window



Buildings Blocks/Streets Vegetation

+ +



Constrained-UrbanGAN (cUrbanGAN)
Constraints:
• Cover Ratio -> 0.3, Safety score -> 10

• Cover Ratio -> 0.6, Safety score -> 10

Cover Ratio = 0.30, Safety score = 8.49

Cover Ratio = 0.60, Safety score = 8.53

CR = 0.3
Safety = 7.96

CR = 0.6
Safety = 7.74

Overall average
Safety = 8.11 Urban Data

Training for 100 epochs
Quan, 2021



Conclusion

• Revealing Urban Complexity: Interactions and Nonlinearity 

• Representing Urban Complexity: From Indicator to Typology

• Reshaping Urban Complexity: AI-aided Design (AIAD)

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

AI + Planning and Design Planning and Design + AI

• Supporting Planning with Explainable AI: Fairness, Accountability, and Transparency

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



AI in Urban Planning and Design 1 (Spring 2021, 2022, 2023)
AI in Urban Planning and Design 2 (Fall 2022, 2023)

Predicting Air Pollution in Cities

Alva Markelius, James Jung, Yao Yao

Built Environment and Public Health

Sangkyo Jeong, Yeyeong Lee

Land Use Land Cover Prediction

Sarah Yang, You Sun Jung, Naeun Lee

Clustering Urban Decline in 
Korean Cities

Clustering Elderly 
Residence in Seoul Impact of Built Environment on 

Commuting Distance in Seoul

An Expert System for 
computed plant selection

New Course Series



Thanks

Steven Jige Quan, Associate Professor
City Energy Lab: http://gses.snu.ac.kr/cityenergylab

Seoul National University
sjquan@snu.ac.kr | stevenchuan6656@gmail.com

http://gses.snu.ac.kr/cityenergylab
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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.

Yung Joon Jung
jjing@etri.re.kr 
Electronics and Telecommunications Research Institute
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A Simulation of Urban Population Movement by Agent Based 
Modeling Methodology and Sejong City Policy Application
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The purpose of this presentation is 
to reveal the relationship between 
AI technology and urban space, and 
to propose policy directions by 
analyzing the data, technology, and 
decision-making methods needed 
to implement Urban AI. For this 
purpose, we researched cases in 
each field where Urban AI has been 
introduced to see how AI technolo-
gy is applied to cities, what differen-
tiates them from similar digital 
businesses, and identified four 
elements necessary for Urban AI. 
These four elements are urban 
data, AI infrastructure, AI industry 
ecosystem, and governance, which 
must be included when we estab-

lish an AI strategy at the city level 
and aim to implement Urban AI.
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- 1 -Data source Article by Mirae Asset Securities Digital Research Team using data from PwC, Accenture, and McKinsey
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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.

Data source 
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: https://marketoonist.com/2023/01/ai-tidal-wave.html
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