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Nice to meet you! &

e Assistant Professor in Urban Planning and Data

Analytics, University of Birmingham

* Holding Master’s degree in Urban Planning from
the University of Melbourne, PhD in Urban

Analytics from National University of Singapore

e Research — human-centric urban informatics and

GeoAl
* Teaching — Master of Urban Analytics and Al

e Service — member of Open Geospatial

Consortium, reviewer for international journals, etc.
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My research

Method Application
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Urban data
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Plan for today

e Al In urban studies
e Multisouced urban data
e Methods and models

* Insights for policy making
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The role of Al in cities
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Al In urban studies

 What is Al?
* What is the potential of Al in urban studies?

 How can Al facilitate urban planning and design??
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Al
. ALTA

What is Al?

Artificial Intelligence
(umbrella term)

Artificial Intelligence (umbrella term)

Machine Learning (learning from

Machine Learning oo llP examples)

Learning from examples

Deep Learning (complex pattern
recognition)

Deep Learning
Complex pattern recognition

Generative Al Generative Al (creating text, images,

Creating text, images, videos, scenarios)
videos, scenarios
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Why do we need Al in urban studies?
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Why does Al matter?

* Cities are complex, dynamic, and human-centred systems
* Planning increasingly relies on data-driven evidence
* Al offers new ways to observe, analyse, and support decisions

* Al provides support not automation
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Why do cities need Al?

* Millions of people, buildings, and daily interactions
* Joo much data for manual analysis

e Decisions must be made under uncertainty

Al FOR CITIES AND URBAN PLANNING 10
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What is Al in urban contexts?

* Al # replacing planners/designers
* Al = pattern recognition from urban information/data

* Al augments human judgement (e.g. imagining it as a cross-validation alternative)

* Planning values always come first

Al FOR CITIES AND URBAN PLANNING 11
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Roles of Al in urban planning

 Prediction

e Estimate missing or future urban states, such as building attributes, thermal exposure, or mobility conditions

e Simulation

* Explore consequences of design, policy, environmental, or behavioural scenarios before implementation

* |nterpretation

e Explain why places behave differently and how model drivers connect to planning concepts

* |ntervention

e Support decisions, adaptive actions, prioritization, and feedback loops in practice

Al FOR CITIES AND URBAN PLANNING 19
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City is a system to accommodate people, goods, and service

BIRMINGHAM

 How Al understands the city?
* People move, feel, and interact
e Sensors and data capture traces
 Models learn patterns

* Insights inform decisions

Al FOR CITIES AND URBAN PLANNING
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The city Is a system

4 )
City Data Model Insights Policy
\_ _J
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What data feeds urban Al?

* Mobility traces (e.g. transport cards, cycling)
* Built environment (e.g. buildings, streets, POls)
* Environmental data (air temperature, humidity, noise)

* Social and economic indicators (e.g. demographics, household income)

Al FOR CITIES AND URBAN PLANNING
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Where is Al used in urban studies?

City
(i.e. urban context) S Urban Al

Geospatial Data science
information (e.g. statistics, Al)

Al FOR CITIES AND URBAN PLANNING 16



Translating Al into urban terms
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* |Learning from past urban observations
* Predicting spatial patterns
» Classifying places and behaviours

* Exploring what-if scenarios
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oV

Learning from past
-» urban observations

ldentifying trends and
patterns in historical city data
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Classifying places

-=-» and behaviours

Categorizing areas by function
or people's activities

Predicting spatial
N patterns

Forecasting movement,
density, or property values

- o o - o e

Exploring what-if
scenarios

Simulating the impact of '
different urban planning
decisions
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Example: Mobility

S — T b 1o
a\\{ o s N Al === Hotspot level 1
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g
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©
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* Analyse accessibility

 |dentify mobility inequalities
 Commuting patterns

e Travel behaviour

Alexandria Santiago Sydney -

Human mobility and hierarchical structure of cities.
https://doi.org/10.1038/s41467-019-12809-y
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Example: Urban climate
* Urban heat intensity 30
_ _ 20
* Air quality patterns S
10
* Noise distribution
Daytime  Nighttime ’

e Qutdoor comfort
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A 0 35 7 14km

Nighttime

Daytime and nighttime heat island spatial distribution map and the
percentage of daytime and nighttime UHII in each category
https://doi.org/10.1038/s42949-022-00055-z
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Example: Urban form
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(b) Chicago

* Building—street relationships

* Morphological clustering A e R e B A
s A e § e S e s Sl e N U VR

" Radial

Radial

¥ Radial

(g) New York (h) Beijing

Classification of urban morphology
https://doi.org/10.1016/].compenvurbsys.2021.101706
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Example: Housing

¢ Price pred iCtion N \DEL AT LiGHr N ADELAIDE - cnr
A o | ’““f | BAROSSA A : AR BAROSSA
e Spatial inequality
* Neighbourhood change/satisfaction ‘_ K e
St Vincent Gulf - St Vincent Gulf
» Gentrification
Legend : | Legend
— :z: ?:;o ALEXANDRINA — ::: :?(2)000 ALEXANDRINA
B 1201 - 1800 L H=10M“” (I 1201 - 7197 iy 0_5=10M"“

Spatiotemporal variations of property price in Adelaide, Australia
https://doi.org/10.1016/j.cities.2022.103941
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Strengths of Al in urban studies

 Handling large datasets
e Detecting hidden patterns
 Comparing scenarios (e.g. evaluation)

* Scaling analysis city-wide

Al FOR CITIES AND URBAN PLANNING 5o
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Al Is a tool not a solution, and humans make decisions
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The city Is a system

4 )
City Data Model Insights Policy
\_ _J
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Data

 What data do we use?
 How do we analyse it?
 How does this connect to lived experience?

 How will you apply this?

Al FOR CITIES AND URBAN PLANNING 26
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Urban data

* Understanding the city through data information
* Urban data is the foundation of analysis

* Al and models depend on data

* Urban questions determine what data we collect

* Data choices shape planning outcomes

Al FOR CITIES AND URBAN PLANNING 57
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Cities as data hubs
* Lived experiences are observed (e.g. how people travel, how people feel)
* QObservations are recorded as data
* Data simplifies complex realities

Lived Experiences Recorded as Data Simplified Insights

""" 1 Hi
| Observed Observations recorded Data simplifies
(e.g. how people travel, how as data complex realities

Al FOR CITIES AND URBAN PLANNING

people feel)
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Types of urban data

» Social (population, behaviour, crime)
 Economic (prices, income)

* Environmental (heat, air, noise)

» Spatial (where things are, i.e. geolocation)

e Spatial information connects everything

Al FOR CITIES AND URBAN PLANNING 59



Why spatial information is important?

* Every observation has a location
e Spatial relationships matter

* e.g. buildings <-> streets, streets <-> streets
* Nearby things influence each other

* Patterns emerge across space

Al FOR CITIES AND URBAN PLANNING
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What spatial data let us ask

 Where does something happen?
 How are places connected?
 How do patterns vary across space?

 Why here and not elsewhere?

Al FOR CITIES AND URBAN PLANNING 31



Key concepts in spatial data

* |ocation (coordinates)
* Distance (proximity, accessibility)
» Scale (local vs city-wide)

» Context (surroundings matter)

Al FOR CITIES AND URBAN PLANNING 30



How space Is represented in data
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» Points (locations, events) — (x, )

representation
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© Mapbox © OpenStreetMap Improve this map
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Legend A
https://data.cityofnewyork.us/City-Government/Building-Footprints-Map-/jh45-qr5r
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Vector spatial data

e Discrete objects

* Points (e.g. a metro station)

* Lines (e.g. roads)

* Polygons (e.g. a building boundary)
* Usually descriptive data is stored for each — attributes

 Examples: Name of the Metro station, type of a road and its speed, address of the building
« Common in planning datasets

 Examples you can list?

Al FOR CITIES AND URBAN PLANNING 34



Raster spatial data

* A set of regularly spaced cells with associated field values

e Continuous surfaces

e o ¢ o o o o
: : Figure2.6: A grid (a)
e o o o o o o
e Pixel-based representathn is a collection of regu-
® & ¢ ¢ ¢ o o larly spaced (field) values,
PR S S S S S while a raster (b) is oom-
_ posed of cells. The associ-
e Resolution matters o o o o o o o atgdtvaluestwith ?'ach gridt
point or raster cell are no
(a) ) G G G AN G A ( (b) illustrated.

e Often derived from sensors

 Examples: elevation, temperature

Al FOR CITIES AND URBAN PLANNING 35



Attributes and geometry
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* (Geometry: shape and location

» Attributes: descriptive information

* Both are needed for analysis

 (Geometry alone is not enough sometimes
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© Mapbox © OpenStreetMap Improve this map
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https://data.cityofnewyork.us/City-Government/Building-Footprints-Map-/jh45-qrbr
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Scale and resolution

* Fine resolution # better insight
* Scale must match the question
e Patterns change with scale

* Planning decisions operate at multiple scales

Al FOR CITIES AND URBAN PLANNING 37
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Spatial relationships

* Distance and proximity: How far things are from each other
* Adjacency and containment: What touches what, and what lies inside what
* Connectivity and networks: How objects are linked for movement or interaction

* Neighbourhood effects: Nearby things influence each other

Al FOR CITIES AND URBAN PLANNING 38
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Spatial data quality

* Accuracy (is it correct?)
 Completeness (what is missing?)
* Timeliness (is it up-to-date?)

* Consistency (across sources)

Al FOR CITIES AND URBAN PLANNING 39
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Data bias

 Some places may be over-measured
 Some groups are under-represented

* Data reflects openness and access

Al FOR CITIES AND URBAN PLANNING 40



Urban data sources

* Government / local authorities

* Sensors and loT

 Remote sensing (e.g. satellite imagery)

* Crowdsourced platforms (e.g. Waze, Google map reviews, OpenStreetMap)

e Surveys and fieldwork

Al FOR CITIES AND URBAN PLANNING 41
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Access to multisourced data

* Open data enables transparency
 Commercial data may be richer
* [rade-offs between access and control

* Ethical and legal constraints matter

Al FOR CITIES AND URBAN PLANNING 42
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Linking data to observation

 Data abstracts reality
* Field observation adds context
 Human sensing complements digital sensing

 Both are necessary

Al FOR CITIES AND URBAN PLANNING 43
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The city Is a system

4 )
City Data Insights Policy
\_ _/
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From data to insight

 Data alone does not answer questions

 Methods structure how we ask why

o Different methods reveal different urban stories

Al FOR CITIES AND URBAN PLANNING 46
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What are methods in urban analytics?

* Methods # Algorithms

* Ways of asking questions of spatial data
* Not just formulas or code

« Embedded assumptions about cities

* Linked to planning decisions

Al FOR CITIES AND URBAN PLANNING 47



Maps are analytical tools

 Mapping is one of the methods
 Reveal spatial patterns
* Highlight inequality and clustering
» Support comparison across places

* Shape interpretation

Al FOR CITIES AND URBAN PLANNING
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Descriptive spatial analysis

* Describing spatial distribution
 Counts by area

* Densities

* Proportions

e Simple summaries

* E.g. POls per neighbourhood, population density

Al FOR CITIES AND URBAN PLANNING
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Aggregation and zoning

* Aggregation: Data grouped by zones
* Results depend on boundaries (e.g. neighbourhood, district)

* Planning units shape outcomes

Al FOR CITIES AND URBAN PLANNING 50



Accessibility

* Opportunities reachable within constraints
 Time, cost, and effort matter
* Not evenly distributed

* Central to urban equity

Al FOR CITIES AND URBAN PLANNING 51
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Network thinking

» Streets connect places
 Movement follows networks
* Connectivity shapes behaviour

* Network structure is important

Al FOR CITIES AND URBAN PLANNING 50



Temporal thinking

* Adding time to space (e.g. spatiotemporal analysis)
* Cities change over time
* Day vs night patterns
* Short-term vs long-term change

 Data snapshots vs processes

Al FOR CITIES AND URBAN PLANNING
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Spatial patterns
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e Clusters
 Hotspots
e (Gradients

o Spatial inequalities

Al FOR CITIES AND URBAN PLANNING

Clusters
o ® o]
.o°o ‘.."
A

©

Hotspots

Gradients

Spatial Inequalities

e

A
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Al as one method family

e |earns patterns from data
* Scales up analysis
e Supports prediction

* Requires interpretation

Al FOR CITIES AND URBAN PLANNING 55
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Computer vision: reading the visible city

Strength Good use
Extract streetscape features, visual Use vision as one evidence stream,
qualities, urban greenery, facade combined with spatial data,
i i i 1 i 1 Provide concise labels for each category using
cues, and public realm conditions. validation, and human interpretation. A e el U R e
values from the provided options for each
category...
""Tjson
{
“"building_type": "public",
— "building_age": "1900",

"surface_material": "stone",
“"floors": 3,
"construction_material": "brick"

https://doi.org/10.1016/].isprsjprs.2025.10.014
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Graph learning: reading spatial relations

Nodes Edges Urban value

Buildings, parcels, street segments, Adjacency, connectivity, visibility, Captures topology and spillovers

neighborhoods, sensors, or people similarity, flow, or functional that tables and independent pixels

depending on the planning question. relationship. cannot represent.

A graph-based model
@\\ /f@ X1 )
¥ gg/: """""""""""""""" x https://doi.org/10.1016/j.5¢s.2024.106121

Al FOR CITIES AND URBAN PLANNING 57


https://doi.org/10.1016/j.scs.2024.106121
https://doi.org/10.1016/j.cities.2025.106443

= UNIVERSITYOF
P BIRMINGHAM

Explainable Al: from score to reason

Attraction
Local explanation Global explanation
Segmentation 0.533
Low-level Features 0.048
Why did the model classify this Which factors generally drive |
street, building, or neighborhood this predictions across the city or across Depth Features |0.030 Feaé:;emc:t;%c;:es
way? groupS? Microclimate -0.027' Heart Rate

Low-level Features

Heart Rate -0.030!] mam  Depth Features
B Microclimate
Noise -0.048I = Noise
0.0 0.2 0.4
SHAP Contribution

https://doi.org/10.1016/j.buildenv.2025.113748

Al FOR CITIES AND URBAN PLANNING 58


https://doi.org/10.1016/j.buildenv.2025.113748

=0 UNIVERSITYOE
#~ BIRMINGHAM

Choose a method for a question

 What is the planning issue?
 What data is available?

e \What scale matters?

e \WWho is affected?

Al FOR CITIES AND URBAN PLANNING 59
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The city Is a system

City »(  Data * Model *| Insights *| Policy
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Simulation turns models into scenarios

Scenario 1 Scenario 2 Scenario 3
E WS ) p P N ¥y

Scenario testing Decision support

Sound (S) ||||||| Visual (V) Visual + Sound (V+S) |||||||
Compare design alternatives, tree Translate model outputs into trade- s e, o ot i i
planting, shading, density, or street offs that planners can inspect and __
ChangeS debate Upgraded 5 e ,

https://doi.org/10.1016/j.buildenv.2025.113748
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Quiz time
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Quiz 1

 What is the primary value of Al in urban studies?

A. Replacing urban planners and designers B. Discovering patterns and generating insights from
complex urban data to support decision making

C. Eliminating the need for urban data collection D. Producing one optimal solution for every city

Al FOR CITIES AND URBAN PLANNING 64
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Quiz 1

 What is the primary value of Al in urban studies?

A. Replacing urban planners and designers B. Discovering patterns and generating insights from
complex urban data to support decision making

C. Eliminating the need for urban data collection D. Producing one optimal solution for every city
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Quiz 2

* You want to estimate how walkable different streets are across a city using Al. Which
dataset would likely provide the most useful information?

A. Building addresses B. Street View images

C. Census data D. Administrative boundary polygons

Al FOR CITIES AND URBAN PLANNING 66
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Quiz 2

* You want to estimate how walkable different streets are across a city using Al. Which
dataset would likely provide the most useful information?

A. Building addresses B. Street View images

C. Census data D. Administrative boundary polygons
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Quiz 3

* An Al model predicts that a neighbourhood has a high risk of traffic accidents. What should
planners do?

A. Implement all Al recommendations B. Ignore the Al because models are never perfect
automatically

C. Use Al predictions alongside local knowledge, D. Replace public consultation with Al
domain expertise, and stakeholder engagement

Al FOR CITIES AND URBAN PLANNING 68
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Quiz 3

* An Al model predicts that a neighbourhood has a high risk of traffic accidents. What should
planners do?

A. Implement all Al recommendations B. Ignore the Al because models are never perfect
automatically

C. Use Al predictions alongside local knowledge, D. Replace public consultation with Al
domain expertise, and stakeholder engagement
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Climate Change Al Summer School 2026

Al for cities should help
planners ask better questions,
see hidden relationships, and
act with greater care

- —

Further enquiry
<b.lei@bham.ac.uk>
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