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About this publication

This publication was prepared as part of the work of the United Nations Innovation Technology Accelerator for Cities
(UNITAC) and funded by the German Federal Foreign Office.

UNITAC-Hamburg is an innovation lab based in Hamburg, Germany, established in March 2021 by the United Nations
Human Settlements Programme (UN-Habitat) in collaboration with the UN Office of Information and Communications
Technology (OICT) and HafenCity University (HCU). The lab is funded by the Government of Germany. UNITAC-Hamburg is
part of UN-Habitat's People-Centred Smart Cities Flagship program, which provides strategic and technical support on
urban digital transformation to national, regional and local governments.

UNITAC-Hamburg supports national and local governments in advancing their urban digital transformation through a multi-
level governance approach. It helps build the skills and capabilities needed to design, procure, and use digital technologies
ethically, inclusively, and effectively, ensuring that no one is left behind.

The Accelerator works with local governments and stakeholders to identify and co-create data-driven and digital solutions
to real-world urban challenges. All projects respond to needs articulated by local leadership and communities, addressing
issues such as adequate housing, access to basic services, climate resilience, crisis response, urban recovery, and improved
multi-level governance. Through this work, UNITAC accelerates progress toward the Sustainable Development Goals,
particularly SDG 11: Sustainable Cities and Communities.

UNITAC-Hamburg promotes open and participatory data governance, digital platforms and technological innovations
related to mapping, spatial analysis, data visualization, and people-centred smart cities.

The Accelerator applies research- and development-driven methodologies grounded in in-depth analysis of urban challenges
and trends. Its work centres on three thematic areas:

® Open, transparent, and participatory governance of data and digital platforms
® Mapping, spatial analysis, data analytics and visualization

® People-centred smart cities

Across these themes and to support the implementation of the UN-Habitat Strategic Plan 2026-2029, UNITAC prioritizes
generating knowledge and practical use cases for smart city governance and the development of frontier technologies,
with a particular focus on countries and cities with large informal settlement populations.

This publication has been developed in partnership with ICLEI = Local Governments for Sustainability. ICLEI is a global
network working with more than 2500 local and regional governments committed to sustainable urban development.
Active in 125+ countries, ICLEI influences sustainability policy and drives local action for low emission, nature-based,
equitable, resilient and circular development.
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2. GEOAI definition

3. Trends and developments 4. GEOAI applications

1. Introduction

Urban planning serves as the blueprint for shaping and
organising cities, providing a structured framework to
address complex challenges and enable opportunities
to promote adequate housing for all and sustainable
urbanisation. It is a decision-making process aimed at
achieving economic, social, cultural, and environmental
objectives through the formulation of spatial visions,
strategies, and plans, supported by sound policy
principles, tools, institutional arrangements, participatory
mechanisms, and regulatory procedures (UN-Habitat,
2018). More specifically, urban planning involves the design,
evaluation and projection of an organised, coordinated, and
standardised physical structure of a city and its underlying
infrastructural systems, processes, functions, and services.
This encompasses the built form (such as buildings, streets,
neighborhoods, residential and commercial areas, parks,
etc.), urban infrastructure (including transportation, water
supply, communication systems, distributed networks, etc.),
ecosystem services (such as energy, raw material, water, air,
food, etc.), human services (public services, social services,
cultural facilities, etc.), and administration (the delivery of
services and provision of facilities to citizens, implementation
of mechanisms for adherence to established regulatory
frameworks, policy recommendations, various technical
and assessment studies) (Bibri, 2018).

As populations grow, cities evolve, and environmental
and climate challenges intensify, the importance of
effective urban planning becomes evermore critical. From
shaping the physical landscape to fostering social cohesion,
environmental and economic vitality, planning services are
instrumental in building sustainable, resilient, and livable
cities for future generations. Spatial mapping and analysis
play a central role in capturing, analysing and visualising
urban complexity, enabling planners to understand how land
use, infrastructure, environment and social dynamics interact
across space and time. However, traditional geospatial tools
and methods (e.g. manual surveys, mapping exercises and
conventional GIS modelling) often struggle to keep pace
with the speed, scale and complexity of contemporary urban
change (Koldashayeva et al., 2024). In many cases, these
methods are time-consuming, labor-intensive, and require
a level of GIS that is often lacking. Given limited resources,
urban planners are compelled to adopt innovative, resource-
efficient, and data-driven geospatial approaches to planning
and governance.

5. Opportunities and benefits

6. Challenges and risks 7. Step-by-step guide Annex | Annex |l

Geospatial Artificial Intelligence (GeoAl) is emerging
as a transformative technology that integrates artificial
intelligence with geospatial analytics to extract meaningful
insights from spatial data and support decision-making
in spatially informed domains such as urban planning,
environmental monitoring, and infrastructure management.
It offers significant advantages for urban planners and
managers over conventional methods, including enhanced
accuracy, greater efficiency in planning and decision-making
processes, advanced predictive and analytical capabilities,
improved situational awareness, and expanded opportunities
for inclusive stakeholder participation. Compared to
traditional geospatial methods, GeoAl enables higher
accuracy, significantly faster analysis, and cost efficiencies
by automating data processing and scaling spatial analysis
across large and complex urban areas. Although still an
emerging field, GeoAl is rapidly applied across multiple
domains of urban planning and management in cities
worldwide. Key areas of application include land-use
planning, housing and infrastructure management, urban
basic services such as energy, waste, water, and mobility
systems, as well as public health and safety, disaster
management and climate resilience, and urban governance,
policy, and administration.

In addition to strategic urban planning, GeoAl plays a
critical role in urban management, supporting the day-
to-day operation, maintenance, and optimisation of
urban infrastructure and services. GeoAl enables city
administrations and service providers to monitor systems
in real time, improve operational efficiency, anticipate service
demands, and optimise the allocation of limited resources
across sectors. By enhancing situational awareness
and enabling predictive maintenance and performance
monitoring, GeoAl supports more responsive, cost-effective,
and resilient urban service delivery. This operational
dimension is particularly relevant in fast-growing cities
and resource-constrained contexts, where improving the
efficiency and reliability of existing infrastructure and services
is as critical as long-term spatial planning.

However, various challenges and risks are associated with
Al systems, which can hinder the effective integration of
GeoAl into urban planning processes. Many city leaders,
planners, administrators and managers encounter barriers to
integrating Al-powered solutions, including limited technical

Al for Spatial Mapping and Analysis GeoAl Toolkit for Urban Planners 1
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2. GEOAI definition

expertise and skills, insufficient or poor quality of data and
gaps in digital infrastructure (UN-Habitat, 2024). Ethical
and governance challenges, such as algorithmic bias, data
security and privacy, and regulatory compliance, also pose

3. Trends and developments 4. GEOAI applications

significant obstacles.

Among these challenges, limitations in knowledge, skills
and capacity consistently emerge as a persistent barrier
to the responsible and effective deployment of Al in urban
contexts (UN-Habitat, 2024). This can slow down or even
prevent cities from harnessing GeoAl opportunities and
realising its full potential to enhance access to adequate
housing as well as drive more inclusive, resilient, and
sustainable urban development. Urban planners and other
relevant practitioners should have access to the necessary
capacities and resources to acquire the knowledge and skills

required for effectively integrating GeoAl solutions.

The toolkit in the remit of
UN-Habitat Strategic Plan
(2026-2029)

The potential of digital technologies to accelerate sustainable
urbanization is recognized in UN-Habitat's new Strategic
Plan (2026-2029), which confirms the Agency’s commitment
to a people-centred smart cities approach that fosters
international cooperation and promotes academic research
and educational initiatives. Smart cities, urban digitalization
and innovation are seen as accelerators to address the global

challenges mirrored by three impact areas:

e Equitable and inclusive prosperity for poverty eradication

® Preparedness, response, recovery and reconstruction

® Environment and climate action

i

UN-Habitat's
STRATEGIC
A’ﬁ P L AN2026-2029

it
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Specifically, two means of implementation are particularly
relevant, namely first, the “integrated urban and territorial
planning, management, investment and finance” which
underscores the importance of evidence-based, spatially
informed decision-making to deliver adequate housing,
land and basic services. By strengthening knowledge, data,
digitalization and institutional capacity, this toolkit directly
supports this objective, providing practical guidance on how
to integrate GeoAl into urban planning and management
workflows to improve the coherence, efficiency and impact
of spatial development plans, infrastructure investment and
service delivery. Secondly, the ‘knowledge, data, digitalization,
and capacity development” section of the plan ties to smart
city strategy development. With a focus on improving
knowledge and capacities to inform evidence-based,
innovative policies on adequate housing, land, and basic
services for all, this toolkit further reinforces this goal and
provides practical guidance on how to integrate GeoAl into
urban planning practices and workflows. More specifically,
it enhances understanding of how GeoAl can be used and
what benefits and potential impact it might bring. In addition,
the toolkit offers an integration strategy, including a step-
by-step guidance to support the effective and responsible
adoption of GeoAl in urban planning. The toolkit targets
stakeholders involved in spatial and strategic planning such
as: urban planners from local and regional governments, city
leaders and decision-makers, representatives of relevant
line ministries and planning agencies as well as experts and
researchers in geospatial technologies, artificial intelligence,
and urban analytics.

The toolkit, developed by ICLEI-Local Governments for
Sustainability in collaboration with UN-Habitat and UNITAC
builds on both entities’ portfolio and relevant reports
including the UN-Habitat's Al & Cities: Risks, Applications and
Governance and the World Smart Cities Outlook 2024. It also
responds to the Al capacity needs and gaps identified in the
Global Assessment of Responsible Al in Cities. Throughout
the toolkit, attention is given to the role of participatory
and people-centred processes, highlighting how GeoAl can
complement community engagement, citizen-generated
data and inclusive decision-making rather than replace them.

The toolkit is structured into six (6) chapters:
® Chapter 1 sets the foundation for understanding
GeoAl, by defining key geospatial terms, technologies,

Al techniques and practices

® Chapter 2 explores recent trends in GeoAl develop-
ment and adoption in cities
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e Chapter 3 provides insights into GeoAl applications
and in key areas of urban planning such as land-use
planning, housing and infrastructure management,
urban basic services (e.g. energy, waste and water
management, mobility), public health and safety,
disaster management and climate resilience, gov-
ernance, policy and administration.

e Chapter 4 outlines the key opportunities and benefits
of GeoAl in urban planning and management

e Chapter 5 offers a detailed overview of key challeng-
es and risks associated with GeoAl

Al and Cities

DR O

Methodology

The toolkit is informed by extensive desk-based research,
drawing on a wide range of sources to ensure a compre-
hensive and methodologically robust analysis. The study
included a systematic review of existing reports and strategic
documents produced by UN-Habitat, UNITAC, and other
partner organizations, complemented by an examination
of recent scientific and academic literature on GeoAl and
its applications in urban contexts. Furthermore, technical
reports, best practice case studies, and GeoAl manuals were
reviewed in order to identify and map available GeoAl, both
proprietary and open-source, tools and solutions (Annex
2), and GeoAl use cases (Annex 1). The GeoAl use cases
were selected to ensure global diversity, covering a range of
regions and application areas. Priority was given to cases
showing measurable impact, practical relevance, and proven
scalability across multiple cities or regions. To complement
the desk research, and in particular the elaboration of se-

5. Opportunities and benefits

World Smart Cities
Outlook 2024

6. Challenges and risks 7. Step-by-step guide Annex | Annex |l

® Chapter 6 presents a strategy for integrating GeoAl
into traditional urban planning workflows, including
a practical step-by-step guidance.

Throughout the toolkit, attention is given to the
role of participatory and people-centred processes,
highlighting how GeoAl can complement
community engagement, citizen-generated data and
inclusive decision-making rather than replace them.
A comprehensive compilation of use cases from
across the globe (Annex 1) and of GeoAl tools,
platforms and resources (Annex 2)
enritches the toolkit with practical examples of key
application areas of GeoAl in traditional urban planning.

Global assessment of
esponsible Al in cities

@) & ipre-croi UNU

EGOV

lected use cases, a few online consultations with domain
experts were conducted. These exchanges provided deeper
insights into the practical application of GeoAl solutions
across key urban planning domains and enriched the step-
by-step guidance with practice-based perspectives.

A validation workshop held during the Smart City Expo
World Congress in November 2025 further strengthened
the methodological rigor of the toolkit. Through interactive
breakout sessions and plenary discussions, practitioners
and experts assessed the draft toolkit against real-world
urban planning needs, highlighting practical challenges,
opportunities, and enabling conditions for effective GeoAl
adoption. Their feedback (supplemented by a subsequent
review of the revised draft) helped refine the toolkit's
structure, guidance, and use cases, ensuring its relevance
and applicability across diverse urban contexts.

Al for Spatial Mapping and Analysis GeoAl Toolkit for Urban Planners 3
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ll ©. Defining GeoAl and its

foundations

This chapter introduces the key GeoAl terms, concepts and
technologies to equip planners and other practitioners with
the foundational knowledge needed to understand what
GeoAl is and how it relates to urban planning practice.

Geospatial Artificial Intelligence (GeoAl) is an emerging
interdisciplinary field that brings together artificial
intelligence (Al) and geospatial analytics to extract
meaningful knowledge from geospatial data. GeoAl has
been defined in various ways, reflecting its evolving scope
and applications. It draws on a wide range of geospatial
technologies and Al techniques to support decision-making
processes that are explicitly spatial in nature. Scholars have
highlighted different facets of GeoAl: some describe it as a
means of analysing large volumes of spatial data at scale
(VoPham et al,, 2018), while others emphasise its capacity to
mimic human spatial reasoning in order to better understand
geographic patterns (Lunga et al., 2022). More recent reviews
characterise it as a convergence of technologies that render
geospatial analysis more scalable, efficient, and accurate
across domains such as urban planning, environmental
monitoring, and infrastructure management (Boutayeb et
al,, 2024).

In simple terms, GeoAl is the integration of geospatial
analytics with Al to generate meaningful insights and
address urban challenges in a spatial informed manner.
To understand GeoAl better, it helps to break it down into its
two main building blocks: geospatial analytics and artificial

intelligence. In the sections below, these core components
are defined and explained in detail.

GeoAl analytics

Geospatial analytics has developed from basic cartographic
mapping into a key discipline that supports urban planning
and spatial decision-making. It integrates multiple forms
of analysis to process and visualise location-based data
across social, environmental, and infrastructural dimensions.
The resulting outputs (i.e. maps, graphs, statistics, and
cartograms) enable data-driven decisions that optimise
land use, infrastructure, and resource management for
more sustainable and resilient cities. Examples include
mapping access to housing and building changes to update
land-use records, monitoring urban expansion to inform
zoning and infrastructure planning, and assessing green-
space distribution to promote environmental equity. These
capabilities depend on the combination of geospatial data,
analytical technologies, and the infrastructure that supports
their integration and use. Together, they form the foundation
of a rapidly evolving field that continues to expand the ways
spatial information is applied to urban planning practice
(Arundel et al, 2021).

Box 1 provides a glossary of the main components of
geospatial analytics that together form the foundation of
this rapidly evolving field.

® Geospatial data refers to data about objects, events,
or phenomena that have a location on the surface
of the Earth. It combines location information
(e.g. location of a road, an informal settlement,
an earthquake event), attribute information (the
characteristics of the object, event, or phenomena
concerned), and often also temporal information (the

A glossary of geospatial analytics'

time or life span at which the location and attributes
exist).

® Big data refers to large, complex geospatial datasets
that are difficult to handle with traditional processing
techniques. These datasets may include structured,
semi-structured, and unstructured information

1 Sources: Esri, n.d.;Dritsas & Trigka, 2025; Hashem et al., 2016;Batty, 2018; Hu & Li, 2017, ITU

4 Al for Spatial Mapping and Analysis GeoAl Toolkit for Urban Planners
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derived from sources such as satellite imagery,
remote sensors, and the urban internet of things
(loT) networks.

® Geographic Information System (GIS) is a technology
that is used to create, manage, analyse, and map
all types of data. GIS connects data to a map,
integrating location data (where things are) with all
types of descriptive information (conditions, context,
etc.). This provides a foundation for mapping and
analysis that is used in science and almost every
industry.

® Remote sensing technologies, such as satellite
images, drone-based data collection and Light
Detection and Ranging (LiDAR), offer high-resolution,
up-to-date geospatial data, which is essential for
tasks like land cover classification, environmental
risk assessment and monitoring of urban sprawl.

® Internet of Things (loT) refers to a global
infrastructure for the information society, enabling
advanced services by interconnecting (physical
and virtual) things based on existing and evolving
interoperable information and communication
technologies.

e Adigital twins is a digital representation of an object
of interest and may require different capabilities
according to the specific domain of application,
such as synchronization between a physical thing
and its digital representation, and real-time support.

® Spatial data infrastructure refers to the technology,
policies, standards, and human resources required
to acquire, process, store, and share spatial data in
a consistent and reliable way.

Artificial Intelligence (Al)

Recent technological developments have enabled the
accelerated development of artificial intelligence (Al).
This is a new generation of information technologies that
can be defined as the use of techniques, technologies and
application systems to replicate, improve and augment
human intelligence, such as perception, reasoning, learning,
and decision-making (Toosi et al., 2021). Al depends on high-
quality data and methods that allow it to analyse information,
identify patterns, generate predictions or recommendations,
and improve performance over time through continuous
learning. Its use is supported by powerful infrastructures
such as cloud computing, high-performance computing,

and data centers, which provide the storage and processing
capacity needed for large-scale analysis (Gartner, 2024).

The integration of Al into geospatial analytics has evolved
over several decades. Al became embedded in geographic
information systems (GIS) through machine learning and
pattern recognition tools, enabling more advanced spatial
modeling and data interpretation. Today, Al supports
dynamic, data-driven approaches to understanding spatial
relationships and change. In this way, it is fundamental to
modern geospatial ecosystems (Mai et al, 2025).

Al for Spatial Mapping and Analysis GeoAl Toolkit for Urban Planners 5
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A glossary of Al-related terms, techniques and practices

most relevant to GeoAl”

Al techniques

® Machine Learning (ML) refers to a family of

algorithms that learn from data to identify patterns
and make decisions or predictions without being
explicitly programmed. In geospatial analytics,
ML can be used, for example, to detect land use
changes, classify building types, or predict urban
growth based on historical and environmental data.

Deep Learning (DL), a subfield of ML, differs from
traditional ML in the way it processes data and learns
patterns. While ML algorithms often rely on manual
feature extraction and perform well with structured
datasets, DL uses artificial neural networks (ANN)
with multiple layers to analyse more complex
and unstructured data such as aerial imagery or
video. ANN is a computing system inspired by the
biological neural networks of the human brain. It
consists of interconnected processing elements
(neurons) that work in unison to recognise patterns
and learn from data, mimicking cognitive abilities
like adaptation and interpreting fuzzy information. DL
has demonstrated particular success in geospatial
analytics tasks such as automatic detection of
informal settlements, identification of green spaces,
and segmentation of road networks from satellite
images..

Natural Language Processing (NLP) is emerging as
animportant component of Al, enabling the extraction
of location-based insights from unstructured
text sources such as planning documents, social
media streams, citizen reports and news articles.
In geospatial analytics, NLP allows analysts to

identify spatially relevant information without
manually reviewing vast amounts of text. NLP-
based techniques such as geocoding and sentiment
analysis can be integrated into geospatial data
pipelines, enriching spatial datasets with contextual,
human-generated information and supporting more
comprehensive spatial decision-making.

Knowledge representation: Capabilities such as
knowledge graphs or semantic networks aim to
facilitate and accelerate access to, and analysis
of, data networks and graphs. Through their
representations of knowledge, these mechanisms
tend to be more intuitive for specific types of
problems. For instance, such representations can
map out specific relationships among entities for
investigative research, process optimisation or
manufacturing asset management purposes.In
geospatial analytics, knowledge graphs provide a
structured way to represent and reason over spatial
information. They model entities such as places,
events, and observations as nodes, and their spatial
or semantic relationships as edges.

Agent-based computing: Al agents are autonomous
or semiautonomous software entities that use
Al techniques to perceive, make decisions, take
actions and achieve goals in their digital or physical
environment. In geospatial analytics, agent-based
systems are used to model and simulate spatial
phenomena and interactions among entities such
as vehicles, populations, or environmental features

2 Sources: Gartner, 2024; VoPham et al., 2018; Kukreja et al., 2016; Zhu et al.2017; Mai et al, 2025; Esri, n.d; Cai, 2021;Zhu, 2024
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Al practices

® Generative Al: GenAl can produce new derived

versions of content (such as images, video, music,
speech, text), strategies, designs and methods by
learning from large repositories of original source
content. It is a prominent and currently very hyped
Al practice, leveraging Al techniques in creative
work. Foundation models, such as large language
models (LLMs), are a core technique of this practice.
In geospatial analytics, GenAl is increasingly applied
to synthesize spatial data, generate realistic terrain
and land-cover simulations, and support spatial
reasoning and scenario modeling.

e Adaptive Al: Adaptive Al systems aim to

continuously learn within runtime and development
environments by continually retraining models or
adapting them through other mechanisms. Such
systems can adapt more quickly to changes in new,
real-world circumstances that were not foreseen or
available during initial development. In geospatial

analytics, the application of adaptive Al is still in its
early stages. However, its potential is significant,
particularly for dynamic environments such as
disaster monitoring, climate modeling, or real-time
urban mobility analysis.

Composite Al: Composite Al combines different
Al techniques to improve the efficiency of learning,
broaden the scope of knowledge representations
and, ultimately, solve a wider range of business
problems in a more efficient manner. Related terms
include “hybrid Al," “neuro-symbolic Al” and “causal
Al.” As more organizations realize the limitations of
GenAl, they are exploring composite Al to meet their
needs. In geospatial analytics, its application is still
emerging, but early research shows that combining
machine learning, knowledge graphs, and symbolic
reasoning can enhance spatial understanding and
support more adaptive and interpretable analyses.

Al enablers

e Al-ready data refers to datasets that are properly

curated, structured, and governed to support the
training and deployment of Al models. In geospatial
analytics, this involves ensuring data quality,
consistency, interoperability, and alignment across
multiple spatial and temporal sources. Al-ready
data must be discoverable, well-documented,
and compliant with FAIR (Findable, Accessible,
Interoperable, and Reusable) principles to enable
scalable, trustworthy, and bias-aware geospatial
modelling and decision-making.

Cloud computing provides the scalable computation-
al resources necessary to process and analyse the
massive geospatial datasets. By delivering storage,
processing, and networking services over the inter-
net, cloud platforms enable Al models to be trained
and deployed efficiently across distributed systems,
supporting near real-time geospatial analytics and
global-scale applications.

Edge computing brings data processing closer to
the source of data generation, such as sensors, [oT
devices, or cameras deployed in urban environments.
By reducing the need to transfer large volumes of
data to central servers, it enables faster response

times, lower latency, and improved efficiency. Edge
computing is particularly valuable in smart city
applications, where immediate decisions are needed,
such as in traffic management or environmental
monitoring.

Computing platform is the infrastructure on which
software and Al applications run, consisting of
hardware, operating systems, and supporting
components such as Application Programming
Interfaces (APIs). They provide the computational
infrastructure needed to execute Al applications
(from local desktop systems to large-scale cloud-
based environments).

Data centers host the servers, storage systems, and
networking infrastructure that power Al operations.
They provide high-performance computing capacity
and secure data management needed to handle
vast amounts of information. Efficient data centers
ensure continuous data flow, model training, and real-
time analytics, while maintaining energy efficiency,
cybersecurity, and reliable access to the resources
that underpin Al and digital twin environments.
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3. Recent trends in GeoAl
development and adoption

GeoAl has recently emerged as one of the fastest-
developing research frontiers in spatial data science. Much
of the existing literature as well as an increasing number
of research projects and initiatives focus on advancing the
development of GeoAl methods and models that can adapt
across regions, scales, and urban contexts (Liu & Biljecki,
2022; Mai et al., 2025). Another rapidly evolving research
frontier concerns explainable GeoAl, which emphasises
visualisation, uncertainty quantification, and interpretability
tools that help translate complex Al outputs into actionable
insights for urban decision-makers (Roussel, 2024). The
ethical dimension of GeoAl is drawing scholarly attention,
especially around fairness, privacy, and accountability. As
these systems rely on massive amounts of spatial data, there
are real risks that algorithms could reinforce existing social
and geographic inequalities (De Sabbata et al., 2023; Xia et al,,
2025) or expose sensitive information about individuals and
communities (Fejerskov, Clausen, & Seddig, 2024; Oluoch,
2025).

Technology companies emerged as a dominant force in
GeoAl, with the global market projected to reach between
USD 64.6 billion and USD 237.7 billion by 2030, driven by
sustained double-digit growth (Precedence Research, 2025).
Big technology companies are driving GeoAl innovation by
providing powerful tools used across sectors, including urban
planning (e.g., Esri's Al-enhanced GIS platforms, Google's
Environmental Insights Explorer and Geospatial Reasoning
models, and Microsoft's Azure-based GeoAl services such

as Azure Maps). At the same time, a fast-growing ecosystem
of over 150 GeoAl startups (FlyPix, 2025) is delivering
specialised solutions for urban planning, environmental
monitoring, and smart city management across global
innovation hubs. A common trend across both big tech
and startups is the advancement of digital and virtual twins
(e.g., Google Earth Al, DeepMind’s AlphaEarth, and tools
from Dassault Systémes and Ecopia), which are enabling
cities to simulate and manage complex challenges such as
heatwaves, flooding, and air quality. These developments are
reinforced by rapid advances in geospatial data, including
increasingly high-resolution satellite imagery that supports
more detailed and accurate GeoAl analysis.

There are still no comprehensive statistics on GeoAl
adoption in cities, but recent global surveys® show that
municipalities are already using Al in various urban domains,
including urban planning. Although these surveys focus on
Al broadly, they likely include GeoAl, as geospatial tools are
often embedded within wider smart-city and Al strategies
even if not explicitly reported. The key principal fields
of Al application in cities include mobility and transport
optimisation, waste and water management, energy ,urban
planning, public health, and safety; land use, housing and
infrastructure (UN-Habitat 2022; Malekzadeh, 2025; Fistola
and La Rocca, 2025). The key application areas of GeoAl in
urban planning are further outlined in Chapter IV, and Annex
1 presents concrete use cases.

3 E.g. Deloitte 2025, Global Observatory Urban Al (Atlas of Urban Al), Smart City Index 2024
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4. GeoAl key application areas

related to urban planning

GEOAI can be applied in different areas related to urban planning, as summarized in Table 1 below.

Table 1. Overview of GeoAl application areas and examples of use cases (summary)

GeoAl application areas of urban
planning
Land-use planning, housing and
infrastructure management

Examples

Land use classification from imagery

Identification of potential building/housing areas and building footrpints
Detection of informal settlements and illegal housing

Generation of spatial plans and urban renderings

Urban green space and infrastructure management

Annex Il

Mobility and transport
optimisation

A

Intelligent traffic light control

Traffic flow monitoring and forecasting

Automated road condition monitoring and video surveillance
Electric charging infrastructure and e-mobility networks
Infrastructure support for autonomous vehicles

Mapping informal and paratransit routes

Water management

Monitoring rainfall, river flow, and groundwater

Mapping and detection of water bodies and utilities

Drought extent mapping with remote sensing

Water quality monitoring with loT and ML

Water demand forecasting and water loss and unaccounted for water (UFW) reduction
Optimisation of water networks and assets

Water consumption reduction schemes

Customer service enhancement in utilities

Waste management

Optimised waste collection routes

Real-time monitoring of waste systems, and identification of illegal dumping sites
Automated sorting of recyclables

Forecasting future waste generation

Forecasting citywide energy demand and supply
Neighbourhood energy profiling from smart meter data
Building-level energy optimization, and energy sharing schemes
Rooftop solar potential modelling

Optimisation of building HVAC systems

Microgrid and power plant optimisation

Smart street lighting for energy savings

Public safety and health

©

Crime prediction, safety hotspot and lightning analysis
Prediction of disease incidence based on spatial factors
Mapping of health resources and accessibility

Modelling/monitoring air pollution and exposure risks, and real time updates for residents

Disaster management,
environmental and climate
resilience

Predictive modelling of hazard and vulnerability assessment (flooding, wildfires, heat islands,

sea-level rise, stormwater drainage, earthquakes, landslides)

Environmental monitoring of air and water quality, tree canopy and vegetation
Early warning systems and disaster preparedness

Damage detection and situational awareness for response and planning

Administration, policy and
governance

&

Automated routine administrative tasks such as permit approvals, billing, service requests

and citizen engagement
Modernising land cadastres, enhancing property tax collection
Digitising participatory budgeting processes
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Real-world case studies showcasing GEOAI use in those domains are included in Annex 1.

GeoAl supports land-use planning, housing, and infrastructure by automating tasks that respond to
diverse urban growth needs. Key applications include classifying land-use patterns from satellite and
aerial imagery (Kumar et al., 2022; Wu et al.,, 2024), identifying building footprints (see use case 2, Annex
1) and development sites (Rahnemoonfar et al., 2021), detecting illegal housing rentals through real-estate
platform data, and predicting neighbourhood change, gentrification, and discrimination in housing markets
(Rosen & Garboden, 2024).In many African and Asian cities (where much urban growth occurs in informal
settlements) GeoAl adds crucial capabilities such as informal structure detection, slum boundary mapping,
service-deficit analysis, and suitability modelling for upgrading. These tools help cities understand the extent,
conditions, and growth dynamics of informal areas, which are often poorly documented yet central to housing
provision. Improved spatial data also supports identifying sites for new development, planning appropriate
densities, and anticipating neighbourhood evolution (see BEAM tool in Box 3 and use case 1 in Annex 1).

BEAM: Using Al to map Informal Settlements in South Africa
and Central America

In eThekwini (South Africa), where nearly a quarter of the population lives in informal settlements, outdated data
has made it difficult to plan upgrading projects and deliver basic services effectively. To address this challenge,
UNITAC developed the Building & Establishment Automated Mapper (BEAM) — an Al-based tool that uses
machine learning to rapidly identify and map building structures from aerial imagery. BEAM enables planners
to visualise urban footprints,informal structures in the backyards of formal dwellings, generate GIS layers, and
track changes in settlement growth and density more efficiently than traditional manual mapping. The BEAM
is also deployed in Cape Town and eight cities in Central America, utilising high-resolution satellite imagery. A

follow-up project is underway in eThekwini, with an experimental use case aimed at differentiating formal and
informal structures from imagery. UNITAC and UN-Habitat’s Data and Analytics Unit are now planning to deploy
BEAM in Namibia, in partnership with Namibia's National Statistics (Source: UNITAC). For more details, see
Annex 1.
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J J GeoAl can also contribute to property and land coding in contexts where ownership records are

_j__"__i__ incomplete, enabling the creation of land cadastres in cities for the first time. These functions are

particularly valuable in housing planning, where sound decisions depend on understanding where and

how people live. With improved spatial data, planners can identify suitable sites for new development,

determine where higher density is appropriate, and anticipate how neighbourhoods are likely to evolve

over time. This greater level of insight helps direct limited public resources to priority areas and supports
housing strategies that reflect the diverse realities of different communities.

=

GeoAl can be used to address a wide range of urban mobility and transport-optimisation challenges.
Applications include traffic flow prediction, traffic-state recognition, and video-based analysis of movement
patterns, which together support adaptive traffic management (Feng et al., 2025). GeoAl also enables
monitoring of ride-hailing activity (see use case 11, Annex 1) and infrastructure conditions, such as
detecting and classifying road damage for timely maintenance (Feng et al., 2025). Another emerging
area is infrastructure for autonomous vehicles, where GeoAl supports mapping, simulation, and safety
systems (Dowling et al., 2024; Hopkins, 2023). For example, in Sdo Paulo, Brazil, the Smart Mobility
Program applied GeoAl, big-data analytics, and Mobility as a Service (MaaS) to optimise bus operations.
Microsimulation models helped test traffic-flow scenarios and informed planning and traffic-control
decisions (see use case 3, Annex 1). In developing countries, where informal and paratransit systems
account for up to 80% of daily trips (e.g., danfo, keke, boda-boda, matatu), GeoAl offers also particularly
valuable capabilities. It can map informal routes, identify high-demand hotspots, analyse safety and
congestion patterns, and optimise service frequency and coverage- helping authorities understand and
strengthen the mobility systems most residents depend on.

GeoAl has strong potential in water management, supporting rainfall analysis, river-flow monitoring,
and groundwater assessment. |t can help identify stress zones, detect anomalies, classify pollution
sources, and predict contamination spread in rivers and lakes (Bhaskar, 2025; Ponnuru et al., 2025).
GeoAl can also map drought extent using satellite imagery and indices such as the NDWI, forecast urban
water demand, reduce unaccounted-for water (UFW), optimise allocation, and map water resources and
wastewater infrastructure (ADB, 2020). For example, the GeoAl4Water project uses machine-learning
and deep-learning models to identify water resources and wastewater treatment plants (WTPs) across
Thailand from satellite data and OpenStreetMap. The system mapped 66 WTPs- over 50% more than
OSM (39) and more than double the Hydrowaste dataset (26)- revealing infrastructure gaps and improving
national coverage ( see use case 5, Annex 1).

GeoAl is also transforming the waste management sector, particularly in regions where waste collection
and disposal remain a major urban challenge. In waste collection, GeoAl can analyse historical data,
traffic patterns, and waste generation rates to optimise collection routes, reducing fuel consumption
and emissions. It can support the identification and sorting of recyclables, as well as the detection of
illegal dumping sites (see use case 4, Annex 1), thereby increasing the recovery of valuable materials
such as plastics, metals, and paper and advancing circular economy initiatives. GeoAl can be also used
to forecast future waste generation by incorporating factors such as population density, demographics,
historical rates, and external drivers including holidays or major events (Cha et al., 2023b)
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GeoAl offers significant potential for improving energy efficiency and optimisation across urban
systems. It can predict citywide energy demand and supply, helping planners design resilient infrastructure.
Using smart-meter data linked to neighbourhoods, GeoAl can map consumption hotspots, identify
energy-poor areas, and guide targeted interventions.Integrating digital twins and deep learning also
strengthens rooftop photovoltaic (RPV) modelling by analysing building geometry, orientation, and
shading. These insights support policies that encourage rooftop solar adoption, renewable-energy
communities, and actions to address energy poverty (Lodhi et al., 2025). GeoAl can further optimise
building energy systems by combining spatial building data with weather and usage patterns to reduce
waste and improve performance (Mai et al., 2025). Additional applications include smart street lighting,
where spatial energy-use data and road networks are analysed to deploy adaptive lighting systems that
lower energy consumption and emissions. In Lund, Sweden, for example, the EnergyNet solution uses
machine-learning models on geospatial energy data to optimise how locally generated renewable energy
is routed and shared, improving both efficiency and resilience* .

I Bullailonl==T5

GeoAl can strengthen public health and safety. Common applications regarding safety include crime
forecasting, violation analysis, and safety-hotspot mapping. In Chicago, for example, a GeoAl model
using deep graph convolutional networks (GCNs) divided the city into spatial grid cells and analysed
crime frequencies and neighbourhood features to classify areas by risk. The system predicted crime
hotspots up to a week in advance with roughly 90% accuracy, outperforming traditional methods and
offering actionable insights for policing and urban safety planning (Zubair et al., 2025). As regards to
public health, GeoAl is particulalry valuable for air-quality management. By integrating traffic flows,
land-use maps, weather data, and satellite imagery, GeoAl can identify pollution hotspots, detect spatial
trends, and model complex relationships between emissions and urban form, supporting more effective
public health planning and regulatory decisions (Feng et al., 2025).

GeoAl can be used to address climate risks, infrastructure vulnerabilities, and environmental quality.
GeoAl enhances the ability to map, quantify, and visualise climate risks at the city and neighborhood
scales. By fusing satellite imagery, LIDAR, land-use data, and Al/ML techniques, planners can assess
exposure to urban flooding, heat islands, energy loss from buildings (see Box 4, use case 10, Annex
1), and sea-level rise (Diehra et al., 2025; Novianti et al., 2025; Takami, 2024). These insights inform
zoning, identify priority areas for green infrastructure, and guide capital investments toward resilient
building design and city infrastructure, transportation networks, and critical urban services.Stormwater
management also benefits from GeoAl, with predictive runoff and inundation modelling based on high-
resolution terrain and land-use data. This supports more efficient drainage operations, reduces flood
risk, and maintains service continuity (Novianti et al., 2025). Disaster preparedness and response are
further enhanced through GeoAl-enabled early-warning systems, damage detection, and post-disaster
situational awareness (see use case 9, Annex 1). Mapping tree canopy and vegetation coverage also
helps cities reduce heat stress, manage wildfire and flood risks, stabilise slopes, and plan evacuation
routes and protective land uses. Environmental monitoring (closely linked to public health) represents
another key application. GeoAl can detect air- and water-pollution hotspots, predict contamination trends,
and support timely interventions. For air quality, integrating sensor data with meteorological and traffic
information enables neighbourhood-level pollution mapping, smog forecasting, and targeted measures
such as traffic adjustments or emissions controls.

4 Source: Viable Cities
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Al and data-driven climate vulnerability map in Barcelona,
Spain

Climate Ready Barcelona, one of the ICLEI Action Fund 2.0 projects,
develops a Climate Vulnerability Map that combines real geospatial
open data and artificial intelligence (Al) to simulate the heating and
cooling demand of all residential buildings in the city. It creates
a thermal model that predicts the external thermal conditions of
each building. It also identifies and maps climate shelters, shaded
areas, energy consumption, and income levels, while helping to
forecast specific weather conditions. This enables the planning of
medium-term building interventions and the protection of residents
in areas most affected by climate change in the city. The map is an
example of how GeoAl can be used to better detect community
needs and optimise institutional and community action. It also
supports public services, especially the Energy Advice Points
(PAE) of Barcelona. For more details, see Annex 1.

GeoAl can strengthen administration, policy, and governance by speeding up routine tasks such as permit
approvals, billing, and service requests. Al chatbots enable 24/7 citizen interaction, while spatial analysis
of reported issues helps cities identify problem hotspots and deploy resources more efficiently. GeoAl is
also used to modernise land cadastres and improve property tax collection (Prichard 2025; Bergeron et al.,
2023). For example, in Kananga, the Local Government Revenue Initiative (LoGRI) and UC Berkeley applied
GeoAl to property mapping as part of tax-system reform (see use case 8, Annex 1). Drone imagery was
used to automatically detect buildings and generate footprints, which were then refined and verified in the
field- providing a faster, more accurate basis for updating the cadastre (Bergeron et al., 2024; Schenker &
Somat, 2025).
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5. GeoAl opportunities and
benefits for urban planning

The integration of GeoAl into the various areas of
traditional urban planning brings significant benefits,
strengthening the ability of policy-makers and urban
planners, administrators and managers to enhance
access to adequate housing and design more sustainable,
inclusive, and resilient cities, in line with the sustainable
development goals, in particular SDG11. Key benefits include:

n Proactive and evidence-informed decision-making
processes. GeoAl generates highly accurate, consistent,
and precise information, allowing urban planners to make
more informed and evidence-based decisions even in
data-scarce contexts (Marasinghe et al., 2024). GeoAl can
process and analyse complex datasets with a high degree
of reliability, minimizing errors that are often associated
with manual or fragmented human analysis. For urban
planners, this enhanced precision is cruical in domains
where small inaccuracies can have major consequences (e.g.
informal settlements, disaster management, waste and water
management). The improved accuracy of GeoAl.ensures
more reliable datasets, as well as fosters trust and confidence
of urban planners, city leaders, stakeholders, and the public
in decisions based on these analyses.

E Enhanced forecasting trends and future scenarios.
Utilising historical geospatial data, GeoAl models excel in
predictive analytics, and can forecast trends and patterns,
such as climate change impacts, population growth, or traffic
conditions. These predictions are invaluable for tackling
urban challenges, empowering urban planners and managers
to enhance planning and city manangement outcomes
with insight from spatial patterns and accurate predictions,
and optimising the delivery of services (Ben et al., 2024).
Predictive analytics also play a crucial role in risk assessment,
helping to mitigate potential hazards and natural disasters
before they pose a significant threat.

E GeoAl has strong potential to enhance the delivery
and achievement of SDGs, in particular SDG 11. GeoA|,
including its strong linkages with the integration of geospatial
tools, remote sensing, and big data analytics, is profoundly
accelerating progress toward SDG 11 by equipping cities
and national statistical offices with deeper, faster, and more
actionable intelligence on the dynamics of urbanization.
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Today's geospatial ecosystem spans a wide array of tools
including Earth Observation imagery from satellites such
as Sentinel, Landsat, SDGSAT 1, Planet, high resolution
building footprint datasets such as GHSL, Maxar, mobility
and transport data, environmental sensors, cadastral and
administrative data, and crowdsourced or citizen generated
information. When combined with machine learning (ML),
natural language processing, predictive analytics, and
spatial analytics, it can provide a comprehensive digital
representation of urban systems, enabling cities to diagnose
challenges and target solutions with unprecedented accuracy.

For SDG 11 and its targets, GeoAl supports a wide range
of analytical and operational functions. Deep learning
techniques are now being used to map informal settlements,
classify land use, and track changes in urban expansion
to support SDG 11.1 and 11.3. Remote sensing-based
vegetation and hydrology indices help quantify access
to public green and blue spaces for SDG 11.7. Al-driven
transport and mobility analytics can improve understanding
of accessibility and service coverage for SDG 11.2. Risk
modelling tools integrating hazard data, exposure maps, and
socio-economic layers enable more effective disaster risk
reduction under SDG 11.5. Meanwhile, geospatial statistical
harmonization tools such as the Degree of Urbanization
allows countries to systematically classify settlements,
strengthen national reporting systems, and enhance
comparability for global SDG monitoring.

Beyond indicator production, GeoAl also has potential to
transform how cities plan and govern themselves. Digital
twins and 3D city models now support scenario modelling
for land use, housing adequacy, energy efficiency, and
climate resilience. Predictive Al tools are also being used
to forecast population growth, housing deficits, heat
stress, flood risks, and transport demand, allowing cities to
proactively plan for future risks and opportunities. Spatial
decision support systems, dashboards, and real time data
platforms enable local authorities to operationalise evidence,
prioritising investments, targeting underserved communities,
and evaluating the impact of policies and interventions.
Coupled with participatory and citizen data platforms, GeoAl
ensures that these insights capture local realities and support
inclusive planning and accountability.
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Taken together, the expanding suite of geospatial and Al
technologies strengthens the full SDG 11 ecosystem, from
data generation and indicator measurement to strategic
planning, crisis response, and long-term sustainable urban
development. By transforming raw spatial information into
actionable intelligence, GeoAl will continue to reinforce the
link between evidence, policy, and measurable progress,
enabling cities to become more inclusive, resilient, safe, and
sustainable for all.

Increased operational efficiency and productivity. It
streamlines the processing of large volumes of geospatial
data, automating tasks that traditionally require extensive
manual effort. This automation extends from data collection
and cleaning to integration and analysis. GeoAl accelerates
tasks that would otherwise require time and are labor-
intensive, enabling urban planners to process vast amounts
of spatial data quickly and thereby achieve higher productivity
and efficiency. Cities can further benefit from integrating
GeoAl into routine, time-consuming operations, allowing
administrations to free up resources for more strategic tasks
while also reducing the possibility of human error (Berryhill
etal, 2019). These improvements translate into significant
cost savings, as optimisation reduces unnecessary tasks,
maintenance, and manual data collection (Lodhi et al., 2025;
Mai et al., 2025).

B Accelerated time to situational awareness and
response.GeoAl tools enable urban planners to monitor
and analyse events, disasters, assets, and entities from
sensor and real-time sources such as video to enable quicker

4. GEOAI applications  [ESNO[sIiITENENMINEITS 6. Challenges and risks 7. Step-by-step guide

Annex | Annex Il

response times and proactive decisions. These integrate
live data on e.g. traffic flows, air quality, or infrastructure
performance into urban planning processes, thus urban
planners can make faster, more informed decisions. This
allows for quicker interventions such as adapting mobility
systems or optimising public space use, and supports more
creative, adaptive, and context-sensitive urban planning
processes (Pisu & Carta, 2023).

B Fair participation and representation of diverse
stakeholders and communities in urban planning
processes. By combining high-resolution geospatial datasets
with community-led innovations (e.g. YouthMappers, Map
Kibera) and/or citizen-generated inputs (such as data
collected through mobile platforms or apps), it provides
planners with richer, more inclusive insights that reflect
the needs of different groups (Othengrafen et al., 2025).
Strong collaboration between local authorities, community
representatives, and residents enhances this process,
ensuring that data-driven decisions align with local priorities
and realities. For example, in Nairobi, Kenya, scientists worked
with residents of informal settlements to collect geolocated
votes on how deprived or underserved their neighborhoods
felt. This citizen-generated data was combined with satellite
imagery and analysed using Al models to predict perceived
deprivation across the city. The resulting maps revealed
hotspots of social and environmental inequality that were
not captured in official statistics, helping urban planners
identify neighborhoods where targeted interventions were
most urgently needed (Abascal et al., 2024).
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6. GeoAl challenges and
risks for urban planning

Cities face intertwined technical, institutional, governance,
and environmental challenges when integrating Al-powered
solutions, as highlighted in the UN-Habitat Al & Cities:
Risks, Applications and Governance report (UN-Habitat,
2022). Many of these challenges (such as data limitations,
weak governance systems, ethical risks, and uneven digital
capacity) apply equally to the deployment and use of GeoAl
in urban planning, given that GeoAl inherits many of the
same dependencies, vulnerabilities, and requirements as
broader Al technologies. Specifically, in the GeoAl domain,
key challenges and risks include:

n Data availability and quality issues. Many municiplaities
lack reliable, high-resolution geospatial data due to
institutional fragmentation, restrictive data policies, high
costs, and uneven access to satellite or LiDAR sources
(Kitchin, 2021; Pierdicca & Paolanti, 2022). Existing datasets
are often incomplete, inconsistent across departments, or
updated irregularly, and data drift caused by rapidly changing
urban conditions quickly reduces model accuracy (Pelosi,
2025). Common quality issues (such as misclassification of
built-up areas and vegetation) further weaken reliability of
GeoAl modelsin e.g. land-use monitoring, risk assessment,
or disaster response.

E Interoperability is an additional core barrier, especially
as cities attempt to integrate data from loT devices, digital
twins, GIS systems, cadastral records, and Al-driven analytics.
Fragmented definitions, incompatible data models, and siloed
digital infrastructures often prevent smooth data exchange
across municipal departments or between solutions supplied
by different vendors. This lack of interoperability undermines
the scalability, reliability, and long-term sustainability of
GeoAl systems, particularly in cities where legacy systems
and new technologies must co-exist.

H Digital infrastructure limitations (such as insufficient
computing power, unreliable electricity, limited broadband
connectivity, and inadequate data-storage or cloud
services) further hinder GeoAl deployment. Because GeoAl
depends on robust and continuous digital infrastructure to
process large datasets, run models, and maintain real-time
systems, cities with weak digital foundations face significant
constraints in adopting these technologies. These challenges
are particularly acute in many regions and cities of the Global
South, where digital infrastructure gaps, high service costs,
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and limited institutional capacity reinforce an emerging “Al
divide” and restrict the scalability and reliability of GeoAl
applications (Okolo, 2023; Das, 2025).

Financial and human resources represent another
major barrier. GeoAl requires sustained investment in data
acquisition, infrastructure, model development, cloud and
computing resources, and skilled personnel. Yet many
municipalities operate with tight budgets and procurement
systems that are not adapted to rapidly evolving digital
technologies (OECD, 2025). Limited financial capacity
restricts access to advanced tools, many of which are
proprietary, expensive, or require high-performance
computing. These constraints are compounded by limited
in-house expertise in GIS, remote sensing, machine learning,
and data governance, leading to dependence on external
vendors, risks of vendor lock-in, and solutions poorly aligned
with local needs (UN-Habitat, 2022). Low digital literacy
among planners and administrators further weakens cities’
ability to oversee GeoAl systems effectively.

B Governance and ethical challenges add further
complexity, particularly in countries where governance
systems, data protection laws, and institutional capacities
are weak. Regulatory responsibilities for Al, data privacy, and
geospatial information are often fragmented across national,
regional, and municipal levels, resulting in gaps, overlaps,
and inconsistent enforcement (Taeihagh, 2021). These
weaknesses amplify risks linked to opaque "black box” GeoAl
models, where planners and communities lack the ability to
understand, validate, or contest outputs (Hsu & Li, 2023). If
underlying datasets reflect historical inequalities, or if models
are trained on data from wealthier urban contexts, GeoAl can
inadvertently reinforce existing segregation, discrimination,
or the exclusion of marginalised communities (UN-Habitat,
2022; Schenker, 2024). This might also include gender-related
biases, as many GeoAl models lack gender-disaggregated
or intersectional data, limiting their ability to identify and
address gendered patterns of vulnerability or exclusion.
Weak data protection laws, inadequate cybersecurity, and
limited institutional oversight also increase the likelihood
that granular geospatial datasets revealing individuals’
movements, behaviors, or socio-economic conditions could
be misused, leaked, or exploited for political purposes (Rao
etal, 2023).
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E Environmental footprint. Al's environmental footprint is
emerging as a significant concern, with global Al systems
projected to consume 85-134 TWh of electricity and 4.2—-6.6
billion m? of water annually by 2027 (IEA, 2025; Li et al., 2023;
Shietal, 2025). These growing energy and water demands
also have implications for the integration of GeoAl into
urban planning, particularly in cities already facing resource
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constraints or climate vulnerabilities. High computational
requirements may conflict with local sustainability goals, and
the absence of standardised methodologies for measuring
the environmental impacts of Al systems makes it difficult
for cities to evaluate trade-offs or incorporate GeoAl into
long-term climate and resource-management strategies.
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/. GeoAl Integration strategy
and the step-by-step guide

This chapter introduces a strategy for integrating GeoAl
tools into urban planning in order to maximise benefits,
while mitigating associated challenges and risks. The
strategy provides cities with a practical, step-by-step guide
to integrate GeoAl into traditional workflows in a responsible,
scalable, and people-centred way. It is organised into five key
pillars and twelve (12) steps that guide urban planners from
identifying urban challenges and GeoAl needs to deploying
and scaling operational GeoAl tools (Fig.1).

Figure 1. GeoAl integration strategy

Replication and Assessment of

upscaling goals and needs for
GeoAl integration
Setting the
foundation for
GeoAl
Monitoring,
evaluation and
optimisation

Deployment and
use og GeoAl

Figure 2. GeoAl integration strategy and step-by-step guidance

Given the diversity of municipal contexts, institutional
capacities, and data environments, the integration strategy
is intended as adaptable, rather than a prescriptive or one-
size-fits-all model, where the order or number of steps may
be adjusted to suit local needs. The strategy is grounded in up-
to-date scientific literature on the integration and adoption of
ICTs and Al in public administrations and municipalities (e.g.,
De Silva & Alahakoon, 2022; Brethenoux & Karamouzis, 2020;
Yigitcanlar, 2024; Vatamanu & Tofan, 2025; Eicholz, 2025;
Babsek et al,, 2025; Marasinghe et al, 2024), and insights
from the validation workshop in Barcelona. It also draws on
global frameworks that specifically address smart cities, Al,
and (digital) transformation in municipal governance - such
as ICLEI's Green Climate Cities (GCC) methodology (ICLEI,
2022), UN-Habitat's People-Centred Smart Cities flagship
programme, and UNESCQO'’s recommendations on ethical
Al. The strategyis aligned to UN-Habitat's People-Centred
Smart Cities Flagship Programme which places residents
at the heart of design and delivery of technologies and
innovation. A people-centred smart city prioritizes inclusivity,
transparency, human rights, and sustainability so that
digital transformation benefits all communities, especially
those historically underserved. Across the steps outlined
in this strategy, people’s needs, lived experiences, and the
potential social risks of GeoAl systems should be considered
throughout the lifecycle of GeoAl adoption, including through
participatory processes, impact assessments, and other
inclusive engagement methods.

Pillar 1- Assessment of goals and
needs for GeoAl integration

Pillar 2- Setting the
foundation for GeoAl

Pillar 3- Deployment and use

of GeoAl in urban planning

Pillar 5- Replication and Upscaling

Step 1 Identification of urban problem and GeoAl use cases
Step 2 Evaluate and validate GeoAl suitability and added value

Step 3 Analyse and assess technical, institutional and legal context
Step 4 Prepare the geospatial data foundation needed to train and test GeoAl models
Step 5 Select the appropriate GeoAl acquisition pathway

Step 6 Develop and validate a prototype to test the core functions of the selected GeoAl tool
Step 7 Align GeoAl outputs into established planning routines
Step 8 Conduct a technical risk analysis

Step 9 Continuously monitor and evaluate performance of the GeoAl tools
Step 10 Optimise and communicate results

Step 11 Conduct a scalability assessment
Step 12 Develop and implement replication and upscaling strategy
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2. GEOAI definition

Pillar 1- Assessment of goals and needs for GeoAl integration

Identification of urban problem and GeoAl
use cases

Start by identifying a specific urban challenge, such
as unplanned urban growth, waste management, or
urban infrastructure, where GeoAl's strengths, such
as predictive analytics or pattern recognition, can
outperform traditional manual methods or basic
automation. Identifying the problem or urban challenge
first also supports a more people-centred approach
in GeoAl deployment, by focusing on real needs. The
objective is not automation, but better provision of
housing, basic services, and integrated informed
planning (Brethenoux & Karamouzis,2020; Eicholz,
2025).

To maximise efficiency and impact of GeoAl,
decompose the urban problem into smaller, well-
defined aggregated GeoAl use cases, which should
be measurable, feasible, and capable of delivering
meaningful value (Brethenoux & Karamouzis,2020).
This ensures that GeoAl applications remain grounded
in practical needs, supported by accessible and reliable
data, and aligned with the operational realities of urban
planning workflows. For example, in the context of
unplanned urban growth, municipalities often face
complex and intertwined issues such as informal
settlements, insufficient land-use and infrastructure
management. By breaking the urban challenge into
aggregated use cases, cities can reduce implementation
costs by reusing data, mitigate financial and operational
risks, and enable scalable GeoAl solutions that can be
transferred across different contexts. Where feasible,
this step should involve early engagement with affected
communities, service users, or civil society actors to
validate priorities, surface lived experiences, and avoid
technology-driven problem framing.

Evaluate and validate GeoAl suitability and

added value

Evaluate whether GeoAl is the most appropriate solution
to the identified use cases. Not every use case benefits
from GeoAl -some may be addressed more effectively
using traditional GIS or simpler models. Assess whether
the identified use case (e.g. detection of informal
settlements) aligns with existing GeoAl capabilities and
municipal priorities (Marasinghe et al, 2024; Boutayeb et
al 2024). For example, bring together planners, technical
staff, and community representatives (e.g. through a
workshop) to map current workflows and approaches
(for example, land-use classification, cadastral updates,
fleld-based settlement surveys, or GIS-based transport

3. Trends and developments 4. GEOAI applications 5. Opportunities and benefits 6. Challenges and risks  [ASIEIR ORI E e[ Annex | Annex |l

Pillar 1- Assessment of goals and needs for GeoAl integration

analyses). Use this exercise to validate the GeoAl use
cases and identify where current methods and tools
face constraints such as outdated or fragmented
spatial data, manual data processing, limited analytical
capacity, or high time and financial costs.

Conduct a cost—benefit analysis to compare GeoAl's
expected advantages (e.g. higher accuracy, automation,
or predictive insights) with the financial, technical, and
institutional resources required for implementation
(see step 3). Ensure this evaluation aligns with the
municipality’s broader Al or digital strategy and considers
social, economic, and environmental implications.
Based on the results, define a small set of metrics to
track GeoAl's added value, such as faster map updates,
reduced workload, improved data quality, or increased
transparency in planning decisions. A further set of
indicators focusing on the risk assesssment factors of
privacy, cybersecurity, trust, robustness, explainability,
interpretability, usability, and related social implications
should also be formulated and evaluated (De Silva &
Alahakoon, 2022; Roussel, 2024; Eicholz 2025).

Check-in questions

© What specific urban challenge are we addressing,

and where can GeoAl provide added value compared
to existing tools or methods?

© Which use cases offer the most practical entry

point for GeoAl, and how can we aggregate them
and measure whether GeoAl performs better than
existing tools or workflows?

© How can we validate that the identified use cases

align with GeoAl's capabilities, planning objectives,
and peoples’ needs, and who should be involved in
this process?

© What measurable benefits does GeoAl provide

compared to current tools, and do they justify the
financial, technical, and institutional effort and costs
required?

© Which key performance indicators best capture the

expected improvements in efficiency, quality, and
governance resulting from GeoAl integration?

© How can we ensure that the GeoAl system's outputs

remain understandable, transparent, and trusted by
both decision-makers and the public?
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Pillar 2- Setting the foundation for GeoAl

Analyse and assess technical, institutional
and legal context

Assess the municipality’'s existing geospatial
technologies and infrastructure, including GIS platforms,
remote sensing systems, loT networks, cloud computing
environments, and spatial data infrastructures. A clear
understanding of these components, i.e. how data
are collected, managed, and shared, will help identify
strengths and gaps in interoperability, connectivity,
and processing capacity (UN-Habitat, 2022). Because
GeoAl depends on a robust digital infrastructure (Mai,
2025), this assessment is vital to determine whether
the existing digital ecosystem can support large-scale
spatial analytics or requires targeted upgrades and
partnerships to ensure efficient deployment and use
(Babsek et al., 2025)

Assess the municipality’s institutional capacity, including
financial and human resources available for acquiring
and maintaining GeoAl tools, as well as the human
capital required to operate them (Gao, 2023; Fistola et
al 2025). Consider whether staff possess technical skills
in areas such as GIS, data management and operability,
and Al fundamentals (e.g., Python, machine learning,
or spatial analytics) and whether continuous training
or partnerships are needed. It is equally important to
assess the level of public and organisational trust and
readiness for innovation- whether leadership, staff and
citizens share an understanding of GeoAl's value and
feel confident adopting new tools. Building such trust
and a collaborative culture is key to ensuring that GeoAl
initiatives are embraced and effectively integrated into
existing planning routines. Generally GeoAl as any other
technology is associated with high implementation
costs), assess the availability of financial resources
and mobilise adequate funding to acquire and manage
urban GeoAl assets such as models, data, skills and
infrastructure.

Analyse how GeoAl can be embedded within existing
governance structures and regulatory frameworks at
different administrative levels (local, national, regional,
international). Review data-sharing mechanisms
between departments and check alignment with
broader strategic goals such as inclusivity, resilience,
and sustainability (Marasinghe et al, 2024; Eicholz,
2025). It is equally important to examine the legal
and regulatory environment for GeoAl operations,
including data protection, privacy, cybersecurity,
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Pillar 2- Setting the foundation for GeoAl

interoperability standards, and existing guidelines
and strategies for responsible, people-centered and
sustainable Al deployment and use. Verify compliance
with the relevant local and national requirements and
ensure accountability and transparency mechanisms
are in place. A clear understanding of the legal and
regulatory environment helps ensure that Al initiatives
are both compliant and trusted, supporting responsible,
transparent, and sustainable practices (De Silva &
Alahakoon, 2022;Yigitcanlar, 2024).

Prepare the geospatial data foundation
needed to train and test GeoAl models

Identify and assess the availability of existing
satellite, earth observation and spectrum datasets
that would be needed for training GeoAl models
(Brethenoux & Karamouzis, 2020; Liu 2022; Wang et
al 2024). Use GIS platforms and data management
tools to compile key layers such as land use, building
footprints, environmental and mobility data, and citizen-
generated inputs. Complement these with open-source
and publicly available datasets (e.g OpenStreetMap,
Copernicus Sentinel-2, or Landsat imagery) to fill data
gaps, enhance spatial coverage, and reduce costs.
Review data coverage and distribution to detect gaps or
biases, ensuring that all neighbourhoods and population
groups are fairly represented. Apply fairness-aware
approaches (e.g. integrating participatory or community-
generated datasets and validating results with relevant
stakeholders) to improve representativeness and
inclusivity in model training.

Asssess data quality, considering its resolution,
frequency, and acquisition method, as these factors
strongly influence model accuracy and scalability.
High-resolution imagery (10-25 cm) supports detailed
feature detection, while coarser data (30-40 cm)
may only capture larger structures- highlighting the
importance of matching data precision to the specific
planning use case. Cities with their own aerial or drone
surveys can obtain centimetre-level imagery more
efficiently, whereas others may depend on commercial
satellite data. In addition, spectral resolution and
temporal frequency determine what phenomena can
be analysed (e.g., vegetation stress, water turbidity,
post-disaster recovery), making multi-source data
integration essential to achieve both spatial detail and
temporal consistency. However, geospatial datasets
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can be costly. A practical approach is to use lower-
resolution (and therefore less expensive) imagery for
citywide coverage, and reserve higher-resolution data
for smaller, targeted areas (such as specific districts
or neighbourhoods) where greater detail is needed.
This helps reduce overall costs while still providing the
necessary precision and quality for priority locations.

Verify that all GeoAl datasets comply with regional,
national, and local standards for data protection, privacy,
security, and interoperability. Sensitive information
should be aggregated or anonymised, and clear data-
sharing protocols established to ensure transparency
and accountability (Yigitcanlar, 2024;Eicholz, 2025).
At the same time, develop and maintain the datasets
needed for GeoAl by defining update cycles, retraining
thresholds, and quality-control procedures. Tools such
as Google Earth Engine or municipal dashboards
can support ongoing checks and documentation. A
technology and data-management plan (as well as
a designated data manager or team) should oversee
updates to mitigate the risk of data drifts, ensure
continued compliance, and manage the long-term
stewardship of GeoAl datasets.

m Select the appropriate GeoAl acquisition

pathway

Determine the most suitable pathway for obtaining
a GeoAl tool- whether through procurement, co-
development, in-house development, or, for many
low-capacity municipalities, the use of open-source
or freely available tools. Begin by assessing what is
realistic within existing technical and institutional
capacities, prioritising solutions that are simple to
operate, affordable, and require limited specialised
expertise. Evaluate each pathway in terms of scalability,
interoperability, maintenance needs, and long-term
sustainability, ensuring the tool can integrate with
existing GIS platforms and data systems.Prioritise tools
that follow open standards, offer APIs for integration,
and can be adapted as policies, datasets, or planning
needs evolve. Where procurement is involved, apply
flexible, iterative processes that allow small-scale
testing before full deployment, and compare options
based not only on cost and performance but also on
maintainability and alignment with municipal priorities
(Fiermonte et al 2023; OECD, 2025a; Eicholz 2025).

For cities unable to procure commercial GeoAl
solutions, alternative pathways become essential.

Beyond traditional municipal budgets, cities can
explore alternative financing mechanisms such as
development banks, innovation funds, public—private
partnerships, philanthropic grants, or national digital-
transformation programmmes. These can help cover
upfront investments in data acquisition, infrastructure,
and skills development.

At the same time, municipalities can collaborate with
universities, research institutes, public agencies, civic-
tech organisations, and open-source communities to co-
develop lightweight, adaptable, and context-appropriate
GeoAl tools. Such partnerships reduce costs, strengthen
transparency, and build local ownership. They also
help ensure that municipalities retain control over how
systems are designed, deployed, and maintained-
avoiding vendor lock-in and enabling solutions that
better reflect local priorities, constraints, and governance
realities.

Check-in questions

© What existing geospatial technologies and digital

infrastructures are in place, and how well do they
support the interoperability, connectivity, and
processing needs of GeoAl applications?

@ Which financial, human, and organisational

capacities are available to support GeoAl integration,
and how ready is the municipality to adopt GeoAl
tools?

© How can GeoAl be embedded within existing

governance and regulatory frameworks while
ensuring compliance with data protection, privacy,
and ethical standards?

© What geospatial datasets are currently available,

and how complete, accurate, and representative
are they for training and testing GeoAl models?

© What approach to GeoAl acquisition-purchasing,

co-developing, or in-house development- best fits
our institutional, operational and technical capacity?

© How can procurement processes remain flexible and

transparent, allowing for small-scale testing, iterative
learning, and fair comparison between commercial
and non-commercial partners?
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Pillar 3- Deployment and use of GeoAl in urban planning

Pillar 3- Deployment and use of GeoAl

in urban planning and management

- Develop and validate a prototype to test

the core functions of the selected GeoAl

tool

e (reate a small, focused prototype that tests the core
functions of the selected GeoAl tools. For procured
solutions, this may involve using a vendor-provided
demo, sandbox environment, or limited trial licence.
For open-source or co-developed tools, this may require
installing, configuring, or lightly customising the tool
with support from internal staff or partners. The aim is
to demonstrate feasibility and value before committing
major resources. The validation and testing of the
prototype would typically involve a smaller group of
experts and users instead of organization-wide access.
The primary considerations of deployment are real-time
versus batch use of the Al model, the number of end-
users and types of applications, the expected formats of
output, the expected turnaround time, and the frequency
of use (De Silva & Alahakoon, 2022; Babsek et al., 2025).

e After developing the prototype, carry out a test/validation
phase to confirm that the GeoAl tool performs reliably
and fairly under real conditions. Test the model across
diverse neighbourhoods and data scenarios to identify
accuracy limits, spatial biases, or usability issues.
Engage planners, technical staff, and stakeholders in
testing sessions or workshops to gather feedback on
usability and interpretability. Emphasize that prototypes
are experimental; errors or limitations at this stage are

valuable learning opportunities.

e Refine the tool by adjusting data inputs, retraining
the model, or improving visualisation and workflow
integration based on feedback from planners
and technical staff. Document key assumptions,
performance thresholds, and risks, and ensure relevant
departments (planning, ICT, legal, data protection) review
and approve the tool's readiness before moving to full
integration (De Silva & Alahakoon, 2022;Yigitcanlar,

2024; Eicholz, 2025).

- Align GeoAl outputs into established

planning routines

® Use GeoAl to support decisions but not rely solely on it,
keeping a balance between the technology offered and

the validation by professionals on the ground.
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Where GeoAl outputs inform decisions with direct social
impacts (e.g. housing, service prioritisation, risk zoning,
or enforcement), cities should establish mechanisms
for transparency, explanation, and feedback, enabling
communities and stakeholders to understand how
GeoAl insights are used and to raise concerns or contest
outcomes where appropriate

Establish clear operational protocols that specify how
GeoAl outputs are used in urban planning, including
thresholds for uncertainty and conditions that require
human review (for instance, predictions with more than
a 20% error margin should trigger manual verification).
Integrate the model’s outputs into specific planning
workflows (e.g. site assessments, zoning analysis,
environmental impact evaluation, infrastructure
prioritisation, and other monitoring tasks) (Eicholz,
2025; Vatamanu & Tofan, 2025).

Specify clear responsibilities to maintain accountability
throughout the process (e.g. who validates results, who
approves decisions, who monitors performance, and
who updates the protocols). Complement this with
clear data-governance procedures (e.g. data-quality
checks) and guidelines how GeoAl outputs are used
in urban planning, including thresholds for uncertainty
and conditions that require human review (for instance,
predictions with more than a 20% error margin should
trigger manual verification).

- Conduct a technical risk analysis

As GeoAl transitions from development into
operational use, it becomes embedded within spatial
data infrastructures, planning workflows, and other
external systems, which introduces new technical,
organisational, and societal vulnerabilities. A detailed
technical risk classification and analysis must be
carried out, building on the preliminary risk assessment.
Consequently, the earlier considerations of Al ethics,
governance, and regulatory compliance must be
extended into the deployment phase, with attention
to geospatial-specific issues such as spatial bias,
unequal geographic representation, location privacy,
and downstream impacts on planning decisions.
The assessment should examine risks affecting all
relevant stakeholders, organisational units, regulatory
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requirements, community expectations, and broader
social norms associated with geospatial decision-
making. A structured risk register and risk assessment
matrix can be used to document each identified risk,
evaluate its criticality, and outline corresponding
mitigation and response strategies (De Silva &
Alahakoon, 2022;Babsek et al., 2025)

Check-in questions

What specific GeoAl use case or planning task are
we translating into a prototype, and is its scope
narrow enough to allow for meaningful testing and
refinement?

Which approach to prototype development (e.g.
adaptation, co-creation, or in-house design) best
fits our technical capacity, available data, and
institutional context?

5. Opportunities and benefits

How will we test and validate the GeoAl prototype
to ensure its accuracy, fairness, explainability, and
robustness across different planning scenarios and
user groups?

How will GeoAl be embedded within existing planning
workflows, and what operational rules or thresholds
will guide when human review is required?

Have we identified and documented all geospatial,
technical, ethical, and organisational risks that could
emerge when GeoAl outputs directly influence
planning decisions, and do we have clear mitigation
actions for each

6. Challenges and risks  [ASIEIR ORI E e[ Annex | Annex |l

Step9 Continuously monitor and evaluate

performance of the GeoAl tools

Establish a structured process for ongoing monitoring
and evaluation of the GeoAl tool. Define how often
and by whom the use of the tool will be monitored and
maintained. Set key performance indicators (KPIs) for
accuracy and fairness (e.g. prediction accuracy above
85%) and data drifts (i.e. indicators tracking when input
data changes over time). Monitoring frequency should
match the application: daily for emergency systems
(e.g., flood alerts or heat-risk models) and monthly or
quarterly for urban planning analysis.

Monitoring and evaluation should also track end-user
activity and experience, such as frequency of use, and
generated value (i.e. efficiency and productivity, improved
decision quality, etc), to understand how effectively the
GeoAl system supports planning workflows and to
identify where improvements are needed (De Silva &
Alahakoon, 2022; Babsek et al., 2025).

Pillar 4- Monitoring, Evaluation, and Optimisation

Step 10 Optimise and communicate results

Use the evaluations and the user feedback to further
optimise the GeoAl model. Iterate the development
process based on the collected insights to improve the
performance and relevance of the model.

Actively communicate the benefits, limitations, and
lessons learned from GeoAl deployment to strengthen
institutional and public trust, ensuring transparency
around how outputs guide decisions.

Continue investing in staff training, user support, and

model refinement to sustain organisational capacity
as data sources, policies, and urban conditions evolve.
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Pillar 5- Replication and Upscaling

Pillar 5- Replication and Upscaling

wConduct a scalability assessment

Once a GeoAl application has demonstrated reliability
and value in its initial deployment, deliberate planning is
required to consider how it could be scaled up to bring
wider benefits - e.g. by extending access to adequate
housing to more people, reaching urban areas left
behind; by changing or adding to the functionality to
increase reach/impact.

Conduct an assessment of the scalability of the GeoAl
solution to explore its potential scalability, given its
attributes, data and technological requirements, and
other characteristics.

mDevelop and implement replication and

24

upscaling strategy

Develop and implement an upscaling strategy that sets
out actions to achieve upscaling. To achieve a more
meaningful upscaling staretgy, build it on existing city
targets, processes and plans. Timely development of
an upscaling startegy can support broader adoption
across cities, different urban contexts and application
areas of urban planning, and allow for mobilising public
and private finance, as well as create and maintain
partnerships (ICLEI, 2019).

Al for Spatial Mapping and Analysis GeoAl Toolkit for Urban Planners

Check-in questions (Pillar 4 & 5)

© Which performance indicators and monitoring
mechanisms will help ensure that GeoAl outputs
remain accurate, reliable, and transparent over time?

© What mechanisms are in place to ensure continuous
evaluation and optimisation?

© How will new data, policies, and regulatory changes
be incorporated into the GeoAl system to keep it
accurate, relevant, and aligned with evolving planning
priorities?

% How can results, lessons learned, and capacity-
building activities be shared to maintain institutional
trust, staff confidence, and public understanding of
GeoAl's value?

© Have we assessed whether the GeoAl solution can
be reliably transferred to new departments, cities
and/or urban planning areas, and do we have an
upscaling startegy in place outlining the activities,
responsibilities, resources, partnerships, and
adaptations required for successful replication?
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Annex |. GeoAl Use Cases

Annex | presents twelve (12) GeoAl use cases demonstrating
how GeoAl tools are applied in real-world urban planning
context. Each case highlights the GeoAl's value in addressing
urban challenges, detailing technical approach, data, impacts,
scalability, challenges and lessons learned.

Figure 3. GeoAl use cases across the globe

The GeoAl use cases were selected to ensure global diversity,
covering a range of regions and application areas (Fig.3).
Priority was given to cases showing measurable impact,
practical relevance, and proven scalability across multiple
cities or regions. .

Forecasting ride-
hailing demand with
Geo-embeddings

New York, USA

Illegal waste dumpsite
detection using Al and
Machine Learning

Guatemala, Latin America

Building and
Establishment
Automated Mapper
(BEAM)

Central America

Barcelona,
Spain
Al-powered Building
vulnerability map for change
enhancing the detection
climate resilience using GeoAl GeoAl-Based _
Building Al-driven
landslide
REIEETEL modelling
Assessment
GeoAl to classify Turkey L

residential buildings for I
hazard mitigation and
disaster response

Puerto Rico and the U.S.

Virgin Islands Al-assisted property

mapping and
valuation for property
tax reform

—_—
Smart mobility
planning using

GeoAl

Kananga, DRC

Building and
Establishment
Automated Mapper
(BEAM)

Sao Paulo, Brazil

South Africa

GeoAl+ Data-driven
visual planning of
smart park and digital
twin city project

I Hefei, China

GeoAld4Water

Thailand, Asia

Al for Spatial Mapping and Analysis GeoAl Toolkit for Urban Planners 25



1. Introduction

2. GEOAI definition

6. Challenges and risks 7. Step-by-step guide Annex |l

3. Trends and developments 4. GEOAI applications 5. Opportunities and benefits

1. BEAM: Al-based technology designed to detect building
footprints through satellite imagery or aerial photography®

Key application area: Land use planning, housing and infrastructure management

Title: City/Region: Multiple cities in South Africa and Central America

Informal settlements in the Cape Town area, credit: Filiz Elaerts on Unsplash

Brief description of E
the tool (3
The Building and Establishment
Automated Mapper (BEAM) is an Al-based
tool developed through collaboration
between UNITAC-Hamburg, and local
partners. The tool uses machine learning
to automatically detect building footprints
and structures from satellite or aerial
imagery. Its use can greatly accelerate
the mapping process, reducing the time
required from over a year to only 72
hours in eThekwini Municipality. BEAM
provides reliable, up-to-date spatial data
that strengthens urban planning, service
delivery, and evidence-based decision-
making for inclusive and sustainable
development.

5 Sources

+ Expert consultation

Urban challenge addressed

More than one billion people worldwide live in informal settlements
with limited access to adequate housing and essential urban services.
Many cities rely on outdated or incomplete spatial data, making it
difficult to plan for infrastructure requirements and allocate resources
effectively. Manual mapping and ground surveys require extensive time
and resources, often leaving large parts of informal areas unrecorded.
BEAM responds to this challenge through an automated mapping
process that helps municipalities understand settlement growth patterns
and improve their capacity to plan and manage urban development
more effectively.

Technical approach and data

BEAM applies machine learning to high-resolution aerial or satellite
imagery to identify buildings. It uses locally labeled data for training
and runs on GPU-enabled infrastructure. Outputs are GIS-compatible
and integrated into city databases. Validation combines machine
learning metrics and manual checks with municipal partners. The
tool relies on aerial, satellite, or drone imagery, supported by partners
such as UNOSAT. Data is non-personal, focusing on building shapes
and footprints.

+ UNITAC-Hamburg shares BEAM tool data with the City of Cape Town to address “Incremental Additional Dwellings (IADs)

+ BEAM User Manual
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Scalability

BEAM has been first deployed in the city of eThekwini
(South Africa). It was also replicated in Cape Town, where
its use has increased backyard dwelling coverage from 2
percent to 99 percent. The tool has been also upscaled in
Central America as part of UN-Habitat Mexico's initiative
to develop a regional inventory of informal settlements
in Central American capitals. Trained on high-resolution
satellite images provided by the United Nations Satellite
Centre (UNOSAT), the tool was used in eight cities: Belize
City, Guatemala City, San Salvador, Tegucigalpa, Managua,
San José, Panama City, Santo Domingo. In this process,
BEAM generated shapefiles with building footprints providing
a spatial overview of settlement location sizes, extents, and
key morphological characteristics.

Impact

BEAM has demonstrated a major improvement in the
speed, coverage, and accuracy of spatial data for urban
management. It helps city planners to identify growth
patterns and better understand the dynamics of informal
settlements, enabling municipalities to prioritise upgrading
initiatives. Mapping timelines have been reduced from
months or years to hours, allowing them to identify and
document thousands of previously unrecorded structures.
More specifically:

® BEAM mapped 1.530.546 residential and non -residential
building footprints across eThekwini municipal areas

® |nCape Town, an additional 822.390 building footprints
were detected using BEAM and integrated into city's
geographic database

® BEAM mapped 6324 informal areas and detected
550.776 buildings across the eight Central Americal
cities

® |neThekwini, BEAM reduced mapping time from months
to just 72 hours, enhancing efficiency and accuracy

5. Opportunities and benefits
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Challenges and lessons learned

e Data availability: High-resolution imagery is often
costly or unavailable, limiting cities’ ability to
apply the tool.

® Local labeling needs: Each new deployment
requires locally labeled imagery for model
training, which is resource-intensive.

® Infrastructure: GPU-enabled hardware or cloud
systems are needed to run BEAM efficiently.

® Technical skills: Municipalities require GIS and Al
expertise to operate and validate outputs.

e Scope limitation: The tool detects buildings but
cannot yet classify entire settlement types or
distinguish informal areas.

© Lessons learned: Strong local collaboration is
essential to ensure accuracy, contextual relevance,
and ownership of results. Access to reliable imagery,
adequate computing infrastructure, and trained GIS
staff determines whether cities can successfully
deploy and maintain the tool. The public release of
BEAM-generated datasets, such as in Cape Town,
promotes transparency and supports wider learning
and replication. Building local technical capacity is
key for long-term sustainability. Future development
will focus on improving BEAM's ability to distinguish
between formal and informal structures, enhancing its
usefulness for urban upgrading and progress toward
Sustainable Development Goal 11- Sustainable cities
and communities.
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2. Building Change Detection Using GeoA®

Key application area: Land use planning, housing and infrastructure management

Title: City/region: Barcelona, Spain

Brief description

The Building Change Detection tool
developed by the Institut Cartografic i
Geologic de Catalunya (ICGC) uses deep
learning models integrated in ArcGIS
to automatically identify and map new
buildings from aerial imagery. It applies
pretrained models from the ArcGIS Living
Atlas of the World to detect building
footprints and assess changes over
time, providing an efficient and scalable
solution for maintaining up-to-date urban
datasets.

6 Sources

+ Expert consultation
+ ICGC
+ Esri ArcGIS Blog

28

Urban challenge

Mapping agencies face increasing difficulty in keeping building
inventories and base maps current as urban areas expand rapidly.
Manual change detection is time-consuming and costly, limiting the
ability of planners to track development dynamics and update spatial
data regularly. ICGC sought to automate building change detection
across the entire region of Catalufia to support urban planning and
land management with timely and reliable data.

Technical approach and data

The workflow used aerial imagery from 2018 and 2022 at 0.25 m
resolution provided by ICGC. The data were processed using ArcGIS
Pro and pretrained Building Footprint Extraction models from the
Living Atlas. Building footprints were extracted for both years and
compared to identify new or modified buildings. A multi-resolution
deep learning approach was adopted - running the model at several
cell sizes (30-50 cm)- to improve detection accuracy for buildings of
varying sizes. Post-processing and QA/QC procedures (regularization,
filtering, and non-maximum suppression) refined the outputs and
removed false positives.

Al for Spatial Mapping and Analysis GeoAl Toolkit for Urban Planners

References


https://www.icgc.cat/ca
https://www.esri.com/arcgis-blog/products/arcgis-pro/geoai/building-change-detection-in-the-region-of-cataluna

2. GEOAI definition 3. Trends and developments 4. GEOAI applications

Scalability

The solution uses pretrained models and standard ArcGIS
tools, making it easily transferable to other regions or national
mapping agencies. The modular design allows adaptation
for additional applications such as land cover, infrastructure,
or environmental change detection, demonstrating strong
scalability potential.

Impact

The automated workflow significantly reduced processing
time and labor requirements compared to traditional manual
mapping. ICGC generated updated building footprint layers
and change maps for the entire region, providing planners with
actionable insights into urban growth patterns, density, and
land use changes. The results were shared through ArcGIS
Dashboards, improving transparency and decision-support
for regional authorities.

5. Opportunities and benefits

6. Challenges and risks 7. Step-by-step guide Annex Il

Challenges and lessons learned

® Managing large imagery datasets (over 100 GB)
required efficient data storage and processing
workflows using mosaic datasets and tile
packages.

® Adjusting model resolution and parameters was
critical to achieve balanced accuracy across
different building types.

® Post-processing proved essential to clean and
validate outputs for operational use.

e Building internal technical capacity in GeoAl and
automation was key to sustaining the workflow
and scaling to other use cases.
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3. Sao Paulo Smart Mobility Program using GeoAl’

Key application area: Mobility
City/region: Sdo Paulo, Brazil, South America

Sao Paulo streets, source: World Bank Group

Brief description E@

Between 2019 and 2023, the Sdo Paulo
City Hall (PMSP) and Sdo Paulo Transport
Authority (SPTrans) with support from the
World Bank and financed by UK Prosperity
Program, implemented a series of activities
to modernize the city’s public transportation
system. The Smart Mobility Program focused
on developing a new Operations Center (Centro
Operacional — COP), microsimulation of the
Aricanduva BRT corridor, and the creation of a
governance framework to implement Mobility
as a Service (MaaS), a transportation model
enabling the integration of different transport
modes altogether. The project also supported
the design of a georeferenced information
system for mobility and accessibility
(Sistema de Informagdes Georreferenciadas
de Mobilidade e Acessibilidade - SIGMA),
integrating Al/ML and big data analytics.

30

Sources:

Urban challenge

In Brazil, where 87% of the total population resides in urban areas,
yet there are challenges in urban planning and mobility systems.
For many years Brazilian cities were global models of urban
transport management. However, in recent decades this process of
mobility innovation, which played a fundamental role in developing
favorable cost-benefit solutions, has slowed down significantly. While
investments in urban transport declined substantially, economic
policies implemented at the national level have led to motorization.
Over 15 years the motorization rate almost doubled from 23.9
vehicles (2008) to 52.3 vehicles per 100 inhabitants (2021). This led
to congestion, inefficient bus operations, and fragmented mobility
governance. There is an urgent need to improve planning, monitoring,
and coordination of urban mobility using modern digital tools.

+ Lamas et al 2023, S&o Paulo Smart Mobility Program (English). Washington, D.C. : World Bank Group. http://documents.

worldbank.org/curated/en/099042623195019160

+ World Bank Blog
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Technical approach and methods

The Smart Mobility Program employed a range of advance data
analysis tools for urban mobility planning and management.
Key interventions included integrating Al, big data analytics,
and Mobility as a Service (MaaS) to optimise bus operations
and enhance decision-making. Microsimulation models of
Aricanduva BRT corridor were developed to test traffic flow
scenarios and support decision-making for planning and
traffic control. SIGMA (Georeferenced Mobility Information
System) was developed to map accessibility, travel demand,
and mobility patterns using Al and big data analytics. The
COP integrated data streams from multiple agencies
(SPTrans, Traffic Engineering Compan, Metro, Sdo Paulo
Metropolitan Train Company, police, and emergency services)
to support real-time decisions. Advanced studies were also
conducted on digitising traffic lights with 5G technology to
enable smart traffic management and prioritization of public
transportation.

Scalability

The Al-based applications in Sdo Paulo, such as
microsimulation models, real-time operations management,
smart traffic lights, and integrated data platforms - SIGMA
and COP, depicts high scalability potential for other Brazilian
and South American cities to optimise bus operations and
traffic flow. The models developed can be adapted by other
cities facing similar challenges such as congestion and lack
of integrated transportation system.

Impact

The application of Al and big data analytics in Sdo Paulo
enabled integrated and efficient transport planning by
enabling real-time monitoring, predictive analysis, and
simulation of the BRT corridors. The digitization of traffic
lights supported adaptive traffic signal control, thus reducing
traffic congestion and improving travel flow efficiency.

5. Opportunities and benefits

6. Challenges and risks 7. Step-by-step guide Annex |l

Additionally, the program enhanced the regulatory and policy
framework governing mobility to deliver more inclusive
services, particularly for women and vulnerable groups.

Challenges and lessons learned

The implementation of the Smart Mobility Program

in Sdo Paulo encountered several operational and
institutional difficulties that affected its continuity and
depth of analysis.

® The broad range of potential study topics made
prioritisation and scoping difficult.

® FEvolving requirements from the Sdo Paulo
Municipal Secretariat (PMSP) required frequent
adjustments to the project scope.

® Time constraints limited the depth of analysis and
prevented pilot testing of proposed actions.

® | eadership changes and complex coordination
across multiple institutions disrupted continuity.

®© The Smart Mobility Program in Sdo Paulo
provided valuable insights for future projects of
similar scale and complexity. A key lesson is the
need for contractual flexibility to adapt to evolving
requirements of end beneficiaries, ensuring
responsiveness throughout implementation.
Establishing a project conceptual frameworkis
important for coordinating all the activities in order
to guarantee consistency and synergies from the
project preparation stage to design stage. Adequate
time allocation is critical to enable comprehensive
analysis and pilot testing. Stable leadership, clearly
defined institutional responsibilities, and effective
coordination among stakeholders are vital for project
efficiency.
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4. lllegal waste dumpsite detection using Al and Machine

Learning®

Key application area: Waste and water management

City/Region: Guatemala, Latin America

lllegal waste dumpsite, source:UNDP, 2025

Brief description E@

This project, co-led by UNDP Accelerator Lab
Guatemala and SDG Al Lab, in collaboration
with Politecnico di Milano, aims at identifying
illegal waste dumping sites in Guatemala
through state-of-the-art GIS, computer
vision and machine learning methods.
Satellite imagery is used to facilitate efficient
and cost-effective monitoring of dumpsites.
This joint effort aligns with the strategic
goals of the National Development Plan and
Country Priorities.

8 Sources

+ Video Tutorial

Urban challenge

Guatemala is confronting the challenges posed by the solid waste
management at the municipal level and illegal dumping of the harmful
waste in areas of biological importance, particularly in critical fluvial
and marine-coastal zones like the Motagua River. This river, the largest
in Guatemala, is of significant concern as it transports a vast amount
of human-made waste to the Atlantic Ocean, leading to a geopolitical
crisis with Honduras.

Technical approach and data

The UNDP Guatemala Accelerator Lab and the UNDP Istanbul Centre
for Private Sector in Development (ICPSD) SDG Al Lab, in partnership
with Politecnico di Milano (Polimi), implemented a project leveraging
integration of GeoAl, particularly computer vision and machine learning
technique, particularly convolutional neural networks (CNNs). By
analyzing satellite imagery and land surface temperature (LST) data,
the project successfully identified illegal dumping sites along the
Motagua River.

+ United Nations Development Programme (UNDP) (2025). lllegal dumpsite detection in Guatemala: Technical Paper. UNDP

Istanbul Regional Hub.
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Satellite imagery used for the detection of lllegal dump sites
in Guatemala included:

e WorldView-3 satellite imagery (50 cm resolution) -
Paid

® AGEA orthophotos (resolution 20 cm) - Free

® Google Earth imagery - GeoEye-1 (resolution 50 cm) -
Paid; accessed via Google API

GeoAl tools/methods used include:
e Advanced GIS (ArcGIS Pro) - Paid

® ResNet50 architecture - A pre-trained model
architecture used in computer vision tasks such as
image classification, object detection, and feature
extraction. ResNet50 models are freely available in
libraries like TensorFlow, PyTorch, and Keras with pre-
trained weights.

e Computer Vision Annotation Tool (CVAT) for
computer vision - Free/Open Source

Scalability

The project model shows strong potential for scaling both
within Guatemala and in other regions facing similar waste
challenges. By using cost-efficient imagery sources such as
Google API, the approach provides a replicable framework
for monitoring illegal landfills in other regions facing similar
problems. Long-term scalability can be achieved through
human-in-the-loop monitoring approach, API development
for stakeholder access, and integration with advanced Al
models and benchmark datasets. Expanding and diversifying

5. Opportunities and benefits

6. Challenges and risks 7. Step-by-step guide Annex |l

Al training data will further enhance generalization, enabling
nationwide application and global adoption for sustainable
waste management.

Impact

The project provided a cost-effective and innovative solution
for identifying illegal dumpsites along the Motagua River,
significantly reducing the time and resources needed
compared to traditional monitoring methods. By combining
GeoAl, GIS, and machine learning, it supported evidence-
based decision-making and contributed directly to Guatemala
National Development Plan by strengthening environmental
governance and policy enforcement in Guatemala.

Challenges and lessons learned

Key challenges included limited diversity in datasets,
requiring frequent retraining to improve model
accuracy, and gaps in local technical capacity

to maintain and refine tools. Integration with
existing municipal systems proved difficult, while
sustainability risks arose from reliance on external
funding.

© Lessons learned highlight the importance of
adapting digital solutions to local contexts, designing
tools for retraining and long-term use, integrating
with planning systems, and ensuring safeguards,
transparency, and inclusive stakeholder engagement
for responsible use.
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5. GeoAl4Water®

5. Opportunities and benefits

7. Step-by-step guide Annex |l

6. Challenges and risks

Key application area: Waste and water management

City/region: Thailand, Asia

Brief description Eﬁ’
GeoAl4Water project (phase Il launched
in 2024) is a collaborative initiative
led by HeiGIT (Heidelberg Institute for
Geoinformation Technology) that applies Al
and satellite imagery to map and classify
wastewater treatment plants (WWTPs)
across Thailand. Building on earlier project
phases (GeoAl4Water | and Il), it integrates
Sentinel-2 and PlanetScope data with deep
learning models and a human-in-the-loop
process to enhance accuracy. The project
helped to strengthen national datasets
and demonstrates the potential of GeoAl
for sustainable infrastructure planning in
developing regions.

9

34

Sources

+ GeoAl4Water Blog 1
+ GeoAl4Water Blog 2
+ GeoAl4Water Blog 3
+ Randhawa et al, 2023

Urban challenge

Access to clean water is fundamental for climate resilience, water
resource management, and sustainable development. WWTPs are
vital for purifying wastewater and supporting environmental and
climate strategies. Yet accurate information about their location and
performance is often lacking, especially in developing regions with
limited access to safe water and opportunities for reuse of treated
wastewater. During natural disasters, the ability to rapidly identify
urban utility infrastructure and allocate water resources for purposes
such as firefighting is critical, as delays can severely impede relief
and response efforts.

Technical approach and data

GeoAl4Water is a innovative solution that utilises machine learning
and deep learning models to map water resources and WWTPs across
Thailand from satellite imagery and OpenStreetMap (OSM). This tool
will empower urban planners, city governments, and responders with
the data needed to enhance water resource management, meet
environmental standards, and minimize the impacts of disasters . The
workflow for detecting WWTPs began with applying smart filtering to
Sentinel-2 Near Infrared (NIR) band and PlanetScope imagery were
used to identify potential water bodies which are medium-resolution
imagery. The next step, extraction using YOLOv6 pre-trained deep
learning model applied to very high-resolution BING imagery at zoom
level 19 (available only for Bangkok and Rayong only) and zoom level
17 imagery (available for all of Thailand), to locate the WWTPs. Data
Sources used for GeoAl4Water applications included:
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e Sentinel-2 (spatial resolution 10m) - Free/Open
Source

® PlanetScope (spatial resolution 4m) - Paid

e Zoom 17 (spatial resolution 1.2m) - Paid

® BING -Zoom 19 (spatial resolution 30cm) - Paid
® Open Street Map Data - Free/Open Source

e Hydrowaste - Free/Open Source

® C(ClimateTrace - Free/Open Source

Scalability

The GeoAl4Water model demonstrates scalability for
national and regional applications. This approach can be
scaled to other countries in the Global South, where gaps in
infrastructure data and coverage of high-resolution imagery
are common. The cloud-based processing will allow the tool
to be applied across millions of square kilometers efficiently,
while the integration of human-in-the-loop verification will
ensure reliability. The methodology is also adaptable to
infrastructure and use-cases beyond WWTPs, enabling
the mapping of aquaculture sites, industrial ponds, and
emission hotspots. With refinements, it could support urban
planning, disaster and climate preparedness, and regional
GHG monitoring strategies.

Impact

The GeoAl4Water model applied a human-in-the-loop
verification process to identify 66 WWTPs sites. Comparison
with open-source datasets such as Hydrowaste and OSM
revealed significant gaps in existing datasets, whereas
GeoAl4Water captured more new WWTP sites, highlighting
the outdated and incomplete nature of existing datasets. The
human-in-the-loop process not only improved accuracy but
also uncovered hidden insights, such as aquaculture and
shrimp farms resembling WWTPs.

Challenges and lessons learned

The implementation of the wastewater treatment
plant (WWTP) detection model in Thailand faced
several technical and data-related challenges that
affected accuracy and scalability.

e Limited data availability: Access to high-
resolution (30 cm) satellite imagery from BING
was restricted, reducing the model’s full-scale
applicability across the country.

e Lower spatial resolution: The model relied
on Zoom 17 satellite imagery (1.2 m), which
decreased the precision of WWTP identification
and overall model performance.

e Classification issues: Certain land uses, such as
shrimp farms and palm oil ponds with aeration
systems, closely resembled WWTPs, causing
false detections and uncertainty.

e Dependence on manual verification: Although
the Smart Filtering step reduced false positives,
accuracy still depended on human validation and
manual reclassification.

e OQutdated reference datasets: Open-source
datasets such as OSM, Hydrowaste, and
ClimateTrace were often outdated or incomplete,
limiting the reliability of cross-validation and
benchmarking.

@© A key lesson learnt is that Al alone cannot
fully replace expert oversight; hybrid approaches
combining automation, spectral analysis, and human
validation are essential. Another takeaway is the
potential of multi-sensor integration (Sentinel-2 +
PlanetScope) to maintain accuracy even with limited
coverage of high resolution satellite imagery, making
this methodology both flexible and scalable to other
regions.
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6.GeoAl to classify residential buildings for hazard mitigation

and disaster response’

Key application area: Disaster management and climate resilience

Title: City/Region: Puerto Rico and the US Virgin Islands, Latin America and the Caribbean

Pre-disaster

L=
L ]
-

Post-disaster

W

=5

In regions highly exposed to hurricanes,
earthquakes, and other natural hazards,
maintaining an accurate and updated building
inventory is critical to effectively assess
disaster preparedness and provide the right
response to climate risks. In Puerto Rico and
the US Virgin Islands, the lack of detailed,
scalable building data can prevent proper
mitigation planning and limit the possibilities
for risk assessment.

Brief description

To address this gap, AtkinsRéalis has
developed a GeoAl-based machine learning
method using aerial photography to
automatically classify and extract key building
features. The project has been supported by
the Federal Emergency Management Agency
(FEMA). Together, they have developed a
detailed, geospatially referenced building
database to allow for loss estimation and
hazard modelling.

10 Sources

Label Siam UNet Our model

Urban challenge

Accurate and detailed building data is essential to allow for risk
assessment and emergency planning, to reduce the damaging
capacity of climate-related natural hazards. However, in many climate-
sensitive regions such as Puerto Rico and the US Virgin Islands,
available information is often outdated, inconsistent or incomplete.
Besides that, traditional field surveys to update building inventories can
be costly and time-intensive, overcoming authorities’ data-collection
capacity. This, considering also that data collection can takes years
to complete, leaves planners working on emergency contexts without
timely data. As such, the challenge of this initiative was to create
a fast, scalable and reliable solution to map and classify residential
building features across a large and diverse territory to improve
disaster readiness and the right allocation of resources.

Technical approach and data

The GeoAl solution integrated remotely gathered aerial imagery and
building-footprint data within a machine learning (ML) workflow to
identify and classify residential structures in Puerto Rico and the
US Virgin Islands. This was developed my AtkinsRéalis, supporting
FEMA in creating a database for Hazus, which supports in hazard
mitigation and disaster response. To carry on the task, two machine

- United Nations Office for Disaster Risk Reduction (UNDRR)(2025). Special report on the use of Technology for Disaster Risk

Reduction.
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learning methods were used: a boosted regression tree
model (BRTM) for structured attribution prediction, and
a Convolutional Neutral Network (CNN) for visual pattern
recognition. Both models were trained on high-resolution
aerial images from Puerto Rico and the US Virgin Islands.
The combined approach improved the strengths of each
algorithm — with the BRTM capturing numerical and tabular
features and the CNN analyzing image-based visual cues.

Scalability

The success of this initiative in Puerto Rico and the US Virgin
Islands highlights the scalability potential of GeoAl-based
building inventory methods. Being the model data-driven
and modular, it can be rapidly adapted in other contexts by
using local aerial imagery and building-footprint datasets.
This makes the approach highly transferable to other
hazard-prone regions and developing countries seeking
to modernize disaster risk databases and preparedness
systems. The initiative demonstrates that combining multiple
ML techniques within a GeoAl framework allows for rapid,
large-scale, and affordable risk assessment across diverse
geographic contexts.

Impact

The application of GeoAl for building classification had
a substantial impact on disaster management and risk
assessment in the region, with the ML models achieving
80-90% accuracy, levels comparable to human-led surveys

5. Opportunities and benefits

6. Challenges and risks 7. Step-by-step guide Annex |l

but at a fraction of the time and cost. This has enabled
FEMA to prepare more accurate risk assessments, develop
building inventory for hazard modelling and disaster planning,
and better allocate resources to protect lives and property.
The approach also demonstrated that ML can be versatile
and robust when different techniques are combined to
capture both structured data and visual image features.
The automation of building detection and classification
has significantly contributed to reduce the time and cost
required for large-scale data collection while maintaining
analytical rigor.

Challenges and lessons learnt

Several lessons emerged from this initiative.

@© First, scalability is a major advantage of ML over
traditional methods, allowing agencies to conduct
rapid assessments without the need for labour-
intensive surveys.

@© Second, the combination of multiple ML techniques,
such as BRTM and CNN, enhances accuracy and
robustness, showing that methodological flexibility
is critical.

@© Lastly, the quality of aerial imagery and building-
footprint datasets directly impacts on the reliability of
the results, highlighting the importance of investing
in high-quality data.
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7.Al-driven Landslide Modelling™

Key application area: Disaster management and climate resilience

TitleCity/region: Nepal

6. Challenges and risks 7. Step-by-step guide Annex Il
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Landslide susceptibility with explainable Al, source: ArcGIS
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This project uses a transparent deep learning
model to predict landslide risk in Nepal after
the 2015 Gorkha earthquake. Landslide
susceptibility models often struggle with
balancing interpretability and predictive
power. Traditional statistical approaches
provide transparency but may lack accuracy,
while more advanced machine learning
models often behave as “black boxes,” making
it difficult to understand how predictions
are generated. This practice addresses the
need for models that are both reliable and
explainable, particularly in high-risk, data-
limited settings. The integration of SHAP into
the modeling workflow allows for both global
and local interpretations of model behavior,
helping decision makers trust and understand
the results, which is crucial for planning and
disaster risk reduction.

Brief description

11 Sources

Urban challenge

The region of Nepal and its surroundings, including parts of south-
western China and north-eastern India, was tragically hit by the
earthquake Gorkha, which killed 8,962 people. Earthquakes can cause
landslides by weakening rock and soil, triggering them through shaking
or causing long-term destabilization, even years after the initial
event. These landslides can be a major hazard, causing immediate
destruction and creating secondary risks like flooding from blocked
rivers or damaging infrastructure like roads and utility lines. The long-
term effects can persist, with renewed landslide activity triggered
by aftershocks or rain, and a slow recovery of the landscape taking
decades. For that reason, accurately predicting where landslides
are more likely to take place becomes of crucial importance to take
preventive measures to reduce the landslide risk and/or decrease
the damages landslides produce to the population, villages and
infrastructure.

+ Dahal, A, Lombardo, L. “Explainable Artificial Intelligence in Geoscience: A Glimpse into the Future of Landslide Susceptibility

Modeling.” Computers & Geosciences, ScienceDirect, 17 Apr. 2023, www.sciencedirect.com/science/article/pii/

S0098300423000687?via%3Dihub

+ ArcGIS Map: https://arcg.is/OunziD
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Technical approach and data

The algorithms are able to predict landslide risk by training a
neural network on 13 environmental factors and geological
predictors, aggregated at the slope-unit level, to produce
susceptibility scores for over 16,000 terrain units. It
identifles areas most likely to experience landslides, and
what makes this approach special is its use of SHapley
Additive exPlanations (SHAP) - a technique that shows
how each factor influences the prediction - providing users
with insights into the influence of each input factor on
individual predictions, making the results more transparent
and actionable. An interactive online map helps planners
and disaster managers explore the results and use them in
local planning. The study utilized a variety of open-source
and remote sensing datasets, including a detailed landslide
inventory from the Gorkha earthquake, rainfall data from
CHIRPS, terrain variables from SRTM-derived digital elevation
models, and soil properties from the SoilGrid database.
Geological data from the NASA USGS were also included.
These datasets were aggregated at the slope-unit level
using the r.slopeunits tool, which delineates terrain into
hydrologically and geomorphologically consistent mapping
units. A fully connected artificial neural network with 12
hidden layers was designed to process 13 normalized
features, including both continuous and categorical data.
The model was trained using weighted binary cross-
entropy to address class imbalance and optimized using
the Adam optimizer. SHAP was applied post-training to
generate interpretable outputs, revealing the contribution
of each predictor to the final susceptibility score of each
mapping unit. The results were deployed in an ArcGIS Online
interface that allows users to explore model predictions and
associated explanations interactively.

Scalability

This project developed algorithms to predict landslides in a
given geographical area, as shown in the image above: each
colour represents a different level of risk. The algorithms
have been tested using data of the Gorkha earthquake, and
several predictors which were carefully chosen and modelled
to represent the geographical area to be analyzed. In this
sense, there is potential to adapt the software developed to
be used in other areas, as long as the parameters used by
the algorithms are adapted to the specificities of this new

5. Opportunities and benefits

6. Challenges and risks 7. Step-by-step guide Annex |l

regions. In addition, the fact that the algorithms have the
component of being explainable can be a differential factor
when scientists and city/region officials consider which
landslide susceptibility models to use.

Impact

The explainable deep learning model demonstrated high
predictive performance, confirming its utility for post
earthquake landslide susceptibility assessment. The ability
to interpret model outputs using SHAP helped identify
slope steepness, ground shaking, and soil texture as key
contributors to landslide risk in the study area. These findings
are not only scientifically meaningful but also useful for
hazard mitigation planning. The interactive Web-GIS platform
has increased accessibility to the model’s outputs and helped
local planners and engineers better understand landslide
risks. The tool has already been used in training events
in Nepal and is helping improve local hazard maps. Early
feedback suggests that the system has begun informing
updates to local hazard zoning practices, highlighting its
practical applications.

Challenges and lessons learned

One of the key insights from this practice is that
neural networks do not need to be overly complex to
be effective. By using a relatively simple architecture,
the model remained interpretable without sacrificing
accuracy. This reinforces the importance of balancing
model sophistication with clarity, especially in applied
contexts. Spatially aware validation techniques, such
as regional cross-validation, were also essential

in assessing the model's generalization capacity.
Without these, performance estimates could be
misleading due to spatial clustering in the data.
Another important takeaway is the benefit of using
slope units rather than arbitrary grid cells for landslide
modeling, as they better reflect the terrain’s natural
structure. Looking ahead, incorporating physics-
informed constraints into deep learning models

could improve both accuracy and trustworthiness,
especially for applications in dynamic or climate-
sensitive regions.
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8. Al-assisted property mapping and valuation for property tax
reform??

Key application area: Administration, policy and governance

City/region: Kananga, Democratic Republic of the Congo (DRC)

ID: BLDOO4B165

Rue: -

Numiro: -

Nom:

Commune: KANANGA
Zone: -

Etages: 1
Code de propriété: KCO0D050457

Brief description E@

The GeoAl tools developed under the
Kananga property tax reform initiatives
integrate Al-assisted property mapping and
valuation to support the development of a
more data-driven, fair, and efficient property
tax system. A pilot project applied machine
learning and computer vision models to
predict property values and build a property
valuation roll. At a larger scale, an algorithm
was trained to detect built structures and
generate building footprints from drone
imagery, supporting comprehensive property
identification and mapping.

12 Sources:

+ Expert consultation

: = " -
Image: Screenshot of digitized rooftops over drone imagery of Kananga in Moptax, source: LOGRI

Urban challenge

Kananga, the capital of Kasai-Central province, is home to an estimated
1 to 2 million people (Balan et al., 2022). In 2015, tax revenue in the
province stood at just $0.23 per capita annually (Weigel, 2020),
severely limiting the government’s ability to deliver basic services.
Property tax accounts for roughly 26% of total provincial revenue
(Balén et al,, 2022) - a relatively low share given its potential. The
existing property tax system was highly dysfunctional, mainly due to
incomplete property identification and the absence of an up-to-date
and comprehensive valuation roll. These issues drastically reduced
revenue potential and created an inequitable system where many
properties were not identified, valued, and taxed. In the context of
property tax reform initiatives in 2019 and 2023, GeoAl tools were
tested to help address challenges related to property identification
and valuation.

- Balan, P, Bergeron, A., Tourek, G., &mp; Weigel, J. L. (2022). Local elites as state capacity: How city chiefs use local
information to increase tax compliance in the Democratic Republic of the Congo. American Economic Review, 112(3),

762-797.

- Bergeron, A, Fournier, A., Kabeya Kabeya, J., Tourek, G., &mp; Weigel, J. L. (2023). Using machine learning to create a property
tax roll: Evidence from the city of Kananga, DR Congo (ICTD Working Paper No. 176). Institute of Development Studies.

- Local Government Revenue Initiative. (2025). IT and property tax reform in the Province of Kasai Central, DRC. Retrieved from:
https://logri.org/project/it-and-property-tax- reform-in-the-province-of-kasai-central-drc/

+ Schenker, X. &amp; Somat, A., (2025). Building local government capacity for property tax reform in Kananga, DRC. Local
Government Revenue Initiative (LoGRI). Retrieved from https://logri.org/2025/04/building-local-government-capacity-for-

property-tax-reform- in-kananga-drc/

- Weigel, J. L. (2020). The participation dividend of taxation: How citizens in Congo engage more with the state when it tries to
tax them. The Quarterly Journal of Economics, 135(4), 1849-1903.
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Technical approach and data

In 2019, a pilot study led by ICTD, UC Berkeley, and the
Provincial Government of Kasai-Central developed and
tested machine learning and computer vision models to
predict property values and build a valuation roll in Kananga.
The machine learning approach trained several algorithms
on the land- surveyor-assessed sample, using property
characteristics from an administrative census to predict
the value of all properties in the city. The computer vision
approach, by contrast, trained deep convolutional neural
networks (CNNs) on features extracted from property
photographs, allowing valuation predictions based on visual
attributes rather than administrative data (Bergeron et al,,
2023).In 2023, a comprehensive property tax reform was
designed and successfully implemented in Kananga (Local
Government Revenue Initiative, 2025). As part of this reform,
a new GeoAl tool was developed and deployed to support
property identification and mapping. The team commissioned
high-resolution drone imagery and trained an algorithm to
automatically detect built structures and generate building
footprints, which then served as the baseline for manual
desk-based corrections and ground truthing. For the valuation
component of this broader reform, property values were
established through manual data collection, not through
the machine learning or computer vision methods tested
in 2019. Enumerators conducted field surveys to collect
detailed property characteristics, which were later used
to calibrate a valuation model tailored to the local context
(Schenker &amp; Somat, 2025).

Scalability

For valuation purposes, the LoGRI team concludes that in
low-income countries, the benefits of using complex machine
learning or computer vision models are limited and often do
not justify the effort compared to manual data collection
approaches. When deployed at scale these technologies can
also face administrative challenges in low-capacity settings,
as well as public trust and comprehension issues. The use
of Al for building footprint extraction is improving, but error
rates remain high, requiring substantial manual desk-based
cleaning and ground verification - particularly in dense and
informal urban areas that are increasingly common across
rapidly urbanising African cities. These challenges are often
greater in lower-income contexts, where Al tools trained on
data from wealthier cities perform less accurately. However,
depending on the urban layout and planning quality, Al-
assisted mapping can still offer significant time and cost
efficiencies for identifying built structures and generating
building footprints at large scale- provided it is combined
with thorough manual field verification.

5. Opportunities and benefits
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Impact

The machine learning model, which combined several
decision-tree algorithms, predicted property values with
moderate accuracy, explaining roughly 60% of the variation
in actual values. In contrast, the computer vision models,
which relied on neural networks trained on property images,
were less precise, capturing about 40% of the variation
(Bergeron et al., 2023). Overall, machine learning approaches
using structured administrative data proved more reliable
than image-based models that depended solely on visual
features. Yet, while promising, these Al-driven methods
remained less accurate than manual data collection for
administrative valuation purposes. The use of an algorithm
for building identification and footprint extraction enabled
the creation of a georeferenced inventory of over 130,000
buildings, covering approximately 9,000 hectares across
Kananga. The entire process - from drone image capture to
the finalized geodatabase, including algorithmic processing
and manual corrections- was completed in about three
months, demonstrating the efficiency and scalability of the
approach. However, high error rates made ground truthing
absolutely essential to correct inconsistencies generated
by the algorithm.

Challenges and lessons learned

The Kananga experience illustrates both the promise
and the limitations of using Al in property tax
administration. While Al tools can enhance efficiency
and automate complex tasks, their accuracy remains
limited, especially in low-income and data-scarce
environments. In practice, these technologies are
often most effective when combined with manual
verification and field data collection, rather than used
as standalone solutions. The machine learning and
computer vision approaches for valuation remain
largely an experimental tool, with error rates too high
for administrative valuation. Al-assisted mapping
can significantly speed up property identification, but
still requires substantial manual cleaning and ground
truthing. More broadly, these experiences reveal the
administrative and technical constraints of scaling
such tools in low-capacity contexts. Most rely on
international expertise and external data processing,
which raises concerns about long-term sustainability,
knowledge transfer, and local ownership. The key
lesson is that Al can play a valuable complementary
role but it must be applied strategically and
pragmatically, with strong local capacity and manual
oversight at its core.
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9. GeoAl-Based Building Damage Assessment for the 2023
Turkey Earthquake’™

Key application area: Disaster management, housing and infrastructure

City/region: Multiple cities in southern Turkey - Kahramanmaras (Marash), Tiirkoglu, Nurdagi, and Islahiye

Urban challenge

Brief description E"

Southern Turkey suffers from frequent large earthquakes and rapid
A toolkit developed by Microsoft Research urbanisation with many buildings that do not meet modern seismic
("Al for Good” labs) in partnership with standards. In the affected cities (e.g., Kahramanmaras/Marash,
Planet Labs PBC for post-disaster building Tiirkoglu, Nurdag), islahiye) the 2023 event caused widespread building
damage assessment in the aftermath of the collapse, displacement and strain on emergency response. The lack
6 February 2023 earthquake in Turkey. The of rapid, accurate building-level damage data hampered immediate
system uses high-resolution satellite imagery prioritisation of search & rescue and subsequent reconstruction
(Planet 50 cm, Maxar Technologies 30 cm) planning.

and pre-trained convolutional neural network
(CNN) models on the xBD dataset to perform
semantic segmentation of damage: each pixel Technical approach and data
is classified as damaged building, undamaged
building, or background. Annotation tools (an
open-source “satellite imagery labeling tool”

® Pre-event and post-event satellite imagery: Planet Labs 50 cm,
Maxar 30 cm.

published on GitHub) were used to fine-tune ® Building footprints from sources such as Microsoft /
the model for the specific cities OpenStreetMap (used as baseline geometry).
13 Sources

+ Robinson, C., Gupta, R., Nsutezo, S. F, Pound, E., Ortiz, A,, Rosa, M., White, K., Dodhia, R., Zolli, A., Birge, C., & Lavista Ferres, J.
M. (2023, February). Turkey Earthquake Report (MSR-TR-2023-7). Microsoft Research

+ “Microsoft/Planet Webinar: Natural Disaster Management - Using Al for Rapid Building Damage Assessment.” Planet Labs.
learn.planet.com

+ Microsoft GitHub repository: “building-damage-assessment” toolkit. GitHub

* Yy, X, Huy, X, Song, Y., Xu, S, et al. (2024). “Intelligent assessment of building damage of 2023 Turkey-Syria Earthquake by
multiple remote sensing approaches.” npj Natural Hazards.
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e Pre-training of CNNs on the xBD dataset (a global
building-damage dataset) and then fine-tuning to
the Turkish context using the open-source satellite
imagery labeling tool.

e Semantic segmentation of imagery: classify pixels into
damaged/undamaged/background. Then aggregate
to building-level damage.

® Integration with population estimates (e.g., WorldPop
population estimates) to estimate number of people
affected (though this step may be inferred rather than
deeply described in the published report).

e Rapid workflow: results delivered to national
emergency agency AFAD within ~3 days of the event.

Scalability

The methodology demonstrated significant scalability,
with its application across multiple cities in disaster-prone
regions. The use of open-source tools and pre-trained
models enables adaptation to different types of disasters
and geographic areas. Leveraging global datasets, such as
Microsoft's building footprints and WorldPop population
data, suggests a potential for the worldwide application.

Impact

The GeoAl-based building damage assessment carried out
after the February 6, 2023, earthquake in Turkey delivered a
rapid, data-driven understanding of urban destruction across
multiple cities, including Kahramanmaras, Turkoglu, Nurdagi,
and Islahiye. Within just three days, Microsoft Research and
its partners produced detailed building-level damage maps
derived from satellite imagery and convolutional neural
networks (CNNs). These analyses identified approximately
3,849 damaged or destroyed buildings and an estimated
160,000 affected residents. The outputs were provided

5. Opportunities and benefits

6. Challenges and risks 7. Step-by-step guide Annex |l

directly to Turkey’'s Disaster and Emergency Management
Presidency (AFAD), enabling authorities to prioritise
emergency response, allocate rescue resources, and plan
for temporary shelter and reconstruction. The integration of
GeoAl methods with high-resolution imagery substantially
accelerated situational awareness compared to traditional
field surveys, demonstrating how artificial intelligence can
complement human decision-making during crises. Beyond
the immediate emergency, the project also showcased
how scalable, reproducible GeoAl pipelines can strengthen
long-term disaster preparedness and resilience planning in
earthquake-prone regions.

Challenges and lessons learned

The Turkey Building Damage Assessment project faced
challenges related to data quality, model accuracy, and
operational coordination. Rubble extending beyond
building footprints and outdated footprint datasets
led to underestimation of damage, while variations in
satellite imagery quality and dense urban layouts made
it difficult for convolutional neural networks to distinguish
adjacent structures. Estimating affected populations
using gridded data also introduced uncertainty, and
coordinating among Microsoft Research, satellite
providers, and AFAD under tight timeframes required
strong logistical management. Despite these issues, key
lessons emerged: pre-trained GeoAl models on global
datasets can be rapidly adapted to local contexts for
accurate, scalable assessments; open data and tools
enhance transparency and collaboration; and human
validation of Al outputs ensures reliability. The project
demonstrated that pre-established partnerships, open-
source technologies, and Al-human collaboration are
essential to delivering rapid, actionable insights for
disaster response and building long-term resilience in
earthquake-prone regions.

Al for Spatial Mapping and Analysis GeoAl Toolkit for Urban Planners 43

References


https://www.microsoft.com/en-us/research/wp-content/uploads/2023/02/Turkey-Earthquake-Report-2_MS.pdf?utm_source=chatgpt.com
https://www.microsoft.com/en-us/research/publication/turkey-earthquake-report/?utm_source=chatgpt.com

1. Introduction 2. GEOAI definition 3. Trends and developments 4. GEOAI applications

10. Al-powered vulnerability
resilience (Barcelona, Spain)

5. Opportunities and benefits

6. Challenges and risks 7. Step-by-step guide Annex Il

map for enhancing climate

Key application area: Urban planning, climate adaptation planning,

Title: ClimateReady Barcelona- Al-powered vulnerability map for enhancing the climate resilience of Barcelona

City/Region: Barcelona, Catalonia, Spain
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Image: Screenshot of Climate Vulnerability Map of Barcelona, source: Climate Ready Barcelona project Ul

Brief description
The Climate Vulnerability Map of Barcelona
is an interactive geospatial analysis tool
designed to identify buildings most at risk
during extreme heat events. It evaluates over
61,000 residential buildings across the city
using a multi-factor Climate Vulnerability
Index (CVI) derived from socio-economic,
demographic, climatic, infrastructural, health,
energy, and building-characteristic indicators.
The tool combines real data with simulated
data through a hybrid Al methodology. It
offers a user-friendly GIS interface that allows
users to explore more than fifty indicators
individually, visualise temporal changes, and
generate customised vulnerability indices
by adjusting indicator weights. Additionally,
the application features a dedicated module
that allows users to locate climate shelters
available in the city based on date, time, and
specific desired features.

Urban challenge addressed

Barcelona is increasingly exposed to more frequent and intense heat
waves due to climate change, disproportionately affecting vulnerable
populations and buildings with poor resilience. This tool responds
to the urgent need for precise, building-level intelligence to support
climate adaptation, energy poverty mitigation, and public health
preparedness. By spatially identifying vulnerable buildings, the map
enables evidence-based decision-making for urban planning and
protective actions, enhancing the city’s capacity to safeguard citizens
during extreme heat events.

Technical approach and data

The tool is built entirely on data sourced from public open-data
portals, ensuring transparency, reproducibility, and alignment with
open-government principles. All data is harmonised, structured
and interconnected through the BIGG Ontology, which forms the
conceptual and technical backbone of the solution. This ontology
enables the integration of heterogeneous datasets, allowing climatic,
socio-economic, demographic, infrastructural, health, energy and
building-related information to be merged coherently despite
originating from different sources and formats.
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Because not all indicators are available for every building, the
methodology relies on advanced data integration techniques
that can handle multiple levels of spatial and temporal
granularity. The system accommodates datasets ranging
from metropolitan-scale climate layers to neighbourhood
socio-economic statistics and detailed cadastral records
at the parcel or building level. Graph Neural Networks
are particularly valuable in this process, as they allow the
model to learn from spatial relationships and infer missing
information across the urban fabric. By leveraging the
structure of the city (buildings, their proximity, and their
shared characteristics), neural networks help fill data gaps
and generate accurate estimations for buildings lacking
complete datasets.

The resulting dataset for each building incorporates a
broad range of indicators that can be analysed through the
map, including temperature trends, precipitation patterns,
vegetation cover, energy-consumption behaviours and
indoor temperature measurements, as well as building-
specific attributes such as age, typology, size, and structural
characteristics. Additional layers capture socio-demographic
and socio-economic information such as gender, age,
income, migration status, housing costs, and proximity to
essential services.

Scalability

The tool was conceived as an interoperable and scalable
platform, designed to be easily replicated in other cities and
regions. Its modular architecture, data-driven design, and
adaptable indicator framework allow seamless integration
of region-specific datasets, while the Al-based methodology
can be retrained or recalibrated for new geographic contexts.
Because the majority of the datasets used, such as cadastral
information, socio-economic variables, and demographic
indicators, are available through national open-data portals,
scaling the map to cover the whole of Spain would not
pose significant technical difficulties. Most of the core data
sources already exist for all Spanish regions, allowing the
methodology to be extended with minimal adjustments.

Nevertheless, particular attention must be paid to identifying
and assessing additional or region-specific datasets that
may vary across the territory, especially those related to
infrastructure or public services. A similar consideration
applies when replicating the tool beyond Spain: the underlying
framework can be easily transferred to other countries, but
the availability, quality, and granularity of local datasets
remain essential prerequisites for generating a robust
Climate Vulnerability Map.

5. Opportunities and benefits
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Impact and benefits

The Climate Vulnerability Map provides significant value
to a wide range of stakeholders by enabling a deeper and
more precise understanding of heat-related risks across
the urban landscape. For policymakers, it offers a robust
evidence base to support climate-adaptation strategies,
land-use planning, and the prioritisation of interventions in
areas where vulnerability is highest. Public administrations
responsible for energy and social services can utilise the
tool to more effectively target assistance to households
experiencing energy poverty or inadequate thermal comfort,
thereby enhancing the efficiency and fairness of support
programmes. Researchers and urban planners benefit from
an unprecedented level of spatial detail, enabling more
advanced analyses of the interactions between climate
dynamics, the built environment, and socio-economic
conditions. The tool also empowers the general public
by increasing awareness of climate risks and, through its
integration with La Meva Energia, provides personalised
climate-related communications that help vulnerable
residents understand their own exposure and potential
protective measures.

Challenges and lessons learned

The development of the tool involved addressing
several challenges, particularly related to integrating
heterogeneous datasets with varying levels of spatial
and temporal granularity. Ensuring consistency across
climatic variables, socio-economic statistics, cadastral
information, and energy data required a robust data
architecture. Another key challenge was the uneven
availability of data across buildings and districts, which
necessitated the use of advanced Al techniques such
as Graph Neural Networks to infer missing values and
maintain accuracy in the vulnerability estimations.
Creating a tool that could serve both expert users and
the general public also posed difficulties, as it required an
interface that is intuitive and accessible while still offering
advanced analytical capabilities, customisable weighting
schemes, and multi-layer exploration. Finally, adapting
the methodology to be scalable across different regions
highlighted the importance of evaluating the quality
and availability of local datasets, as the transferability
of the tool depends heavily on accessible and reliable
data inputs. Throughout the process, an essential lesson
learned was that close collaboration between technical
teams, municipal departments, and local stakeholders
is fundamental to ensure that the tool addresses real
urban needs and remains grounded in practical decision-
making contexts.
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11. Forecasting Ride-Hailing Demand with Geo-Embeddings™

Key application area: Urban mobility and transport optimisation
City: New York City, USA

" : oy 3 g a e ""*3."""..
A S A ey ) R S . B, ke
e ML el oty b R o TR : )
i "e T g 3 - SRR
SERE oy 3 R X P
o > .r-gb & ! - t% 3o Ay
0% oty e Seduiolas E NN, -
ppr e f | PN it g “ask Ay s gl ¥ o
e = . Y Bpr¥ :_ e, iy 2 = sn A
.é ~\—:" s oy -5“'@7_;“7-' L‘_::'- A
» L R R [T
SAXTA TN b Sy e P AT
. "i '.".". - 1 I“'-Q.' % '.-:.'l -L
1?_';.:.-,‘#-»« 7 £TW] 7 .\ A A L‘W"*ﬂﬂ'r“-- ‘
o L, FLTRS Py S 1 e worth
s b h. S L T . . e
e ""‘:_- ‘_dé "}l.'f- T, "l u_;:.,—m". . . pepita
‘.ﬂu‘ a‘. &= ¥, 4 : z:‘ = Mw;mﬁ oo
. fe £ Eoct Kigpvedon
M‘\Jﬂn- EUZABETH  p 3 e ,.‘J“ ik L -
- i e A e ol 3P o
et s : \ - 2R 0 et
-, o~ 3 ve w00 > g ' ¢ .
AL . - T el r A - & .
D R eh ng s Wi, o
- % - 3 LW [ - »
vl itl A" o b {3.&‘ D AR R S e L

Improvements on predicting high resolution Uber demands on with our Globeholder geo-embedding backed ML pipeline, built in minutes on the no-code platform, source: Globe-
holder

Urban challenge addressed

=

Brief Description Forecasting ride-hailing demand in a complex metropolis like New

York City is difficult due to diverse and interdependent spatial factors-
Developed by Globeholder, this GeoAl transit hubs, land-use patterns, events, and socioeconomic dynamics.
solution uses geospatial foundation Traditional ML approaches rely on manual feature engineering and
models and geo-embeddings to fail to generalize across boroughs, resulting in low accuracy and
accurately forecast ride-hailing demand limited operational value.

across New York City. By encoding each
location’s unique spatial “DNA," the
model enables high-resolution, dynamic Technical approach and data
demand forecasting that enhances
urban mobility planning, reduces
congestion, and improves transport
system efficiency. e Data Inputs: Historical Uber pickup data, street networks,
zoning maps, points of interest, parking availability, and
socioeconomic datasets

e Technical approach: Geospatial Foundation Model with geo-
embeddings

® Method: Each location was transformed into a geo-embedding
vector that captures spatial context (“location DNA”). These
embeddings were combined with temporal and event-based
features in a no-code ML pipeline to forecast ride-hailing
demand.

14 Sources:

+ Expert consultation

+ Globeholder (2025). Forecasting Ride-Hailing Demand in New York City — Use Case. Retrieved from https://globeholder.ai/use-
cases

+ Globeholder (2025). Revolutionizing the Future of Locational Intelligence with Globeholder’s Geospatial Foundation Models.
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Scalability

The solution is highly scalable and adaptable to other
cities and mobility platforms. Once trained, the geo-
embedding model can be transferred across regions with
minimal calibration, supporting large-scale deployment and
integration with smart city and digital twin systems.

Impact

The approach achieved a +44% improvement in prediction
accuracy compared to traditional machine learning methods,
significantly enhancing resource allocation and reducing
idle vehicle time. The system enables planners and
mobility operators to anticipate demand surges, optimize
fleet deployment, and reduce congestion and emissions,
generating both economic and environmental benefits.

5. Opportunities and benefits

6. Challenges and risks 7. Step-by-step guide Annex Il

Challenges and lessons learned

Implementing the GeoAl solution in New York City
revealed several challenges, including the need to
harmonize diverse data sources, ensure consistent data
quality, and manage the high computational demands
of large-scale urban datasets. Another key difficulty was
translating complex model behavior and outputs into
insights understandable to non-technical users such as
planners and policy makers. Despite these hurdles, the
project demonstrated that embedding spatial context
directly into machine learning pipelines substantially
improves predictive accuracy, while integrating GeoAl into
no-code environments accelerates model deployment
and strengthens decision-support for real-time urban
mobility management.
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12. GeoAl+ Data-driven visual planning of smart park and digital twin city

project (Hefei, China)'®

Key Application Areas: Smart park planning and management, digital twin city, Urban operation and services
Title: GeoAl+ Data-driven visual planning of smart park and digital twin city project (Hefei, China)

City/Region: Luogang Park, Hefei, China

Hefei Luogang Central Park: Smart Green Space

The largest integrated above-ground and underground "digital twin
platform" in the country at the park level

Unmanned sightseeing

uery and tour guide all-in
aircraft one machine

114,000 trees Over 30 outdoor smart experience
The largest plant basic database in projects
Anhui Provil The first exhibition area for

— domestic outdoor smart experience
projects

45 sets of security guarantee applications and the park brain directly

connected to 6 major iovernmem deiartments - the safest "smart park”

Unmanned sweeper ne driving patrol car Drone cruise and delivery | Drone logistics hub station

Digital twin platform and smart application in the Luogang park smart projects Source: Luogang Park Construction Enterprise

Brief description of the tool

The Digital twin platform of Luogang park has
built the country’s largest park-level integrated
above-ground and underground full-scenario
digital twin map used in GeoAl and 3D map,
realizing centimeter-level virtual mapping
of the park’s terrain, buildings, facilities,
vegetation, etc. It provides visual data support
for the sustainable optimization and innovation
of park planning, management and services.
Participants in the smart park of Luogang Park
include park construction enterprises (Hefei
binhu new area construction investment Co.,
Ltd.,China), design enterprises (China Smart
City Planning & Design Research Institute
Co., Ltd., Smart City (Hefei) Standardization
Research Institute Co., Ltd.), and data platform
development enterprises (Iflytek Zhiyuan
Information Technology Co., Ltd.,and Anhui
Zhongke Xinchuang Integrated Services Co.,
Ltd.). The platform takes UAV aerial modeling
as an important data source, supplemented
by Al modeling for detailed optimization and
supplementation.

15 Sources
+ Luogang Park Baidu Encyclopedia
+ Economic Network Blog
+ Hefei Evening News
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Urban challenge addressed

Luogang Park is the host site of the 14th China (Hefei) International
Garden Expo, with a planned total area of 12.7 square kilometers.
Before its opening, it was expected that during the three-month
exhibition period, the park would receive a total of 5 million to 10
million domestic and foreign tourists, and the single-day passenger
flow on October 1 was expected to exceed 400,000. Facing such a
huge passenger flow and vehicle flow, the operation and management
of Luogang Park are facing enormous challenges. By integrating the
infrastructure and sensors in the park, the digital twin platform helps
the park operators grasp the real-time dynamics of the park, ensure
the park’s safety, and improve the park’s service and management
capabilities.

Technical approach and data

The 3D visualization model of the digital twin platform is constructed
by using UAV aerial photography to collect high-precision surveying
and mapping data, combined with the geographic information of the
GIS system and professional visual rendering technology, also used
on CIM(city information modelling) with ISO 37156. The 3D model
of the platform covers various types of park elements, including 91.3
kilometers of roads, 1 square kilometer of water systems, 2 bridges,
7 buildings, 199 types and 114,000 plants, green spaces accounting

Al for Spatial Mapping and Analysis GeoAl Toolkit for Urban Planners
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for about 90% of the park’s planned area, and 124 kilometers
of underground pipelines. The platform carries real-time
monitoring data from more than 15,000 perception devices
in the park, realizing all-round and refined management of
the park.

Impact and benefits

The platform has created the largest "Plant Basic Database” in
Anhui Province, built an all-space unmanned control system,
and connected 6 major departments of Hefei Municipality,
including public security, transportation, fire protection,
housing and urban-rural development, medical care, and
emergency response. The park has safely and conveniently
received more than 26.766 million tourists (from September
26,2023 to September 26, 2025), with the highest single-day
passenger flow reaching 420,000. Due to its outstanding
performance in tourist services, safety management and
intelligent operation, the park has been recognized by tourists
and ranked among the “Top 20 Domestic Popular Tourist
Destinations” during the National Day holiday in 2023.

Scalability

Digital twin technology is widely used in smart city
construction in China. According to the data from the
Ministry of Housing and Urban-Rural Development of the
People’s Republic of China, more than 100 cities across the
country have built or are building urban information model
platforms. Among them, Xiongan New Area, Nanjing, Foshan
and other cities have achieved remarkable application results.
Xiongan New Area adheres to the simultaneous planning
and construction of digital cities and real cities, and has
built a sound data infrastructure. Nanjing and Foshan have
promoted the in-depth application of digital twin technology
in urban management by building intelligent infrastructure,
especially the large-scale application of UAV inspection in
the fields of ecology, transportation, and construction, and
have achieved good results in urban visual planning and
management.

Challenges and lessons learned

Key challenges include:

Difficulties in realizing cross-departmental
data sharing: The platform has connected
6 major departments of Hefei Municipality,
including public security, transportation, and fire
protection. However, there are differences in data
standards and interface protocols among various

5. Opportunities and benefits

6. Challenges and risks 7. Step-by-step guide Annex |l

departments, and additional resources are required
for data format conversion and adaptation.

High demand for computing resources: The
platform covers scenarios such as parallel
rendering of full-element digital twin models, real-
time inference of multiple Al algorithms, and high-
frequency processing of data from 10,000-level
sensors. Especially during the peak passenger flow
period on holidays, the computing load increases
sharply, which puts forward extremely high
requirements for high-performance computing
support.

Large number of models and prominent bearing
pressure: It is necessary to build dozens of
types of subdivided digital twin models such as
vegetation, buildings, facilities, and pipelines. The
total number of models is large and requires 1:1
high-precision restoration. Parallel loading and
real-time synchronization of multi-format models
are prone to freezes and delays.

Lessons learned:

Deepening local multi-subject collaboration is the
core prerequisite for the platform’s implementation.
The strong collaboration of multiple departments
such as municipal administration, landscape
architecture, and transportation, as well as
operators and service providers, can ensure that
datais in line with scenarios, models are adapted
to needs, application rights and responsibilities are
clarified, collaboration barriers are reduced, and
construction and operation efficiency is improved.

Consolidating the basic support capacity
determines the platform’s operation effect.
Reliable multi-source data, sufficient computing
infrastructure, and a professional technical team
are the keys to the stable deployment, efficient
operation of the platform, and accurate and timely
output of results.

Cultivating local technical operation and
maintenance capabilities is the core of long-
term sustainability. Through special training and
technical guidance to improve the digital skills
of the park operation team and cultivate local
operation and maintenance talents instead of
relying on external service providers, the long-term
stable operation of the platform and the continuous
iteration of functions can be ensured.
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Annex Il. GeoAl tools,
platforms & resources

This annex complements the step-by-step guidance (step 2.4 GeoAl Solution Development or Procurement) by providing examples
of GeoAl tools and platforms that municipalities can consider when deciding whether to purchase, co-develop, or build GeoAl
solutions in-house. The listed tools and platforms represent a range of proprietary and open-source options, supporting different
levels of technical capacity, budgets, and urban needs.

GeoAl Tool / Platform

Open-soruce /
Licensing / Pricing

Datasets Used / Supported

GeoAl application areas (examples)

Annex | Annex Il

Key Resources / Links

Aino (QGIS Plugin) Open-source/Free OpenStreetMap (via natural language + Land-use planning, housing & + Aino Plugin
prompts), QGIS datasets infrastructure + qGIS training manual
* Mobility + Advanced QGIS Analysis
+ Environmental monitoring with Al and Machine
+ Disaster management Learning
Al Georeferencer Proprietary Free Uploaded aerial/satellite/scanned + Land-use planning & housing * Mundi Georeferencer
(Mundi) basic / Paid Pro imagery - Mobility
+ Climate resilience
+ Disaster management
+ Governance
ArcGIS Pro (ESRI) Proprietary/ Paid ESRI Living Atlas, Sentinel, Landsat, + Land-use planning & housing + ArcGIS GeoAl Toolbox
licenses (Creator user-uploaded GIS & tabular data + Mobility + ESRI Academy
/ Professional / + Disaster management + ArcGIS Blog
Academic) + Energy
+ Governance
BEAM Open-source/Free High-resolution aerial and satellite « Land-use planning housing and - BEAM main page
(UNITAC) imagery (e.g., commercial or open infrastructure o EEM e e
providers)
Outputs: building footprints extracted as
shapefiles or geospatial layers
CARTO Proprietary (SaaS) / Google BigQuery, Snowflake, Databricks, | + Land use planning, housing & + CARTO
Subscription PostGIS, open data APIs infrastructure
+ Mobility
* Energy
+ Environmental and climate resilience
+ Governance
City Al Engine Open data platform/ | Open urban datasets (India Smart Cities | * Governance + City Al Engine
(People+ Al) Free Mission) + Land-use planning, housing and
infrastructure
CityGML Open standard (OGC)/ | Any 3D GIS datasets, CAD/BIM models, | + Land-use planning & infrastructure + 0GC CityGML
Free CityJSON, LIDAR * Mobility 3DCityDB
* Energy
+ Climate resilience
CVAT Open source (MIT)/ User-uploaded imagery, drone and + Land-use planning, housing and + CVAT Docs
Free core / Paid satellite data, COCO/YOLO/VOC formats infrastructure . GitHub
hosted plans + Waste management
+ Public safety
- Disaster management
Destination Earth Public / EU-funded/ Copernicus Sentinel, ECMWF reanalysis, | + Climate resilience & disaster + DestinE Platform
(DestinE) Free access EUMETSAT, climate simulations management » Destination Earth
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Key Resources / Links

DTN

Licensing / Pricing

Proprietary/
Subscription

Satellite, Earth observation, and real-
time weather datasets (e.g., radar,
lightning, forecasts, climate models)

Energy

Mobility

Environmental monitoring
Disaster preparedness

+ DTN

Digital Blue Foam Proprietary/ OpenStreetMap, Copernicus, custom GIS | + Land-use & housing - Digital Blue Foam
(DBF) Subscription & BIM data * Energy + 15-Minute City
+ Climate resilience Whitepaper
FlyPix Al Proprietary/ Drone imagery, Sentinel, Landsat, user- Land-use planning & housing + FlyPix Al
Subscription supplied datasets Waste management
Environmental monitoring
GEOVIA (Dassault Proprietary/ Paid Proprietary geoscience & simulation + Land-use planning & infrastructure - GEOVIA
Systemes) services datasets, CAD/BIM data + Energy

+ Climate resilience

GeoAl (Python
package)

Open source/ Free

Sentinel, Landsat, NAIP, Overture Maps,

Land-use planning & housing

Environmental & climate resilience

* opengeoai.org

trial / Pro / Enterprise
plans

user-uploaded vector & raster data

user-supplied datasets . GitHub
Disaster management
Waste management
GeoRetina Al (GRAI) Proprietary / Free Sentinel, Landsat, Google Earth Engine, | + Land-use planning & housing - GeoRetina

* Energy
+ Environmental & climate resilience
+ Governance

Globeholder Al

Proprietary / Global geo-embeddings, proprietary Al Land-use planning & housing Mobility | « Globeholder Al
Subscription geospatial data Energy
Governance
Google AlphaEarth Proprietary / research | Global satellite embeddings (optical, + Land-use planning & housing Water + DeepMind Blog
Foundations model/ Free (via radar, LiDAR, climate models) management + Earth Engine Dataset
(DeepMind) Google Earth Engine) + Climate & environmental resilience
* Energy
Green City Watch Open-source Sentinel-2, Copernicus, open ecological Environmental & climate resilience + ESA
(TreeTect) initiative/ Free & vegetation datasets Land use planning, housing and + Copernicus Masters
infrastructure
Public health
Heli Al Proprietary / User-uploaded GIS data, raster and Land-use planning, housing & * Heliware Al
Subscription vector layers infrastructure
Mobility
Energy
InflowGo Proprietary / Hydrological & drainage datasets, + Water management * InflowGo
Subscription municipal stormwater data + Disaster management
+ Infrastructure optimisation
QaIs Open source/Free OpenStreetMap, Copernicus Sentinel, Land-use planning, housing & + QGIS Docs
Landsat, Natural Earth, user-provided infrastructure - QOIS Tutorials
spatial data Environmental management &
resilience
Waste management
Disaster management
WebGIS Urban Sprawl | pypjic /Free LISS-4 satellite data (India), national GIS Land-use planning & housing + VEDAS Urban Portal
Information System datasets Urban growth monitoring
(Usis) Governance

Al for Spatial Mapping and Analysis GeoAl Toolkit for Urban Planners 571

References


https://www.dtn.com/
https://www.digitalbluefoam.com/
https://www.digitalbluefoam.com/whitepapers/generative-pre-trained-transformers-for-15-minute-city-design
https://www.digitalbluefoam.com/whitepapers/generative-pre-trained-transformers-for-15-minute-city-design
https://flypix.ai/
https://www.3ds.com/products/geovia
https://opengeoai.org/
https://github.com/sig-gis/open-geoai
https://github.com/sig-gis/open-geoai
https://www.georetina.ai/
https://globeholder.ai/
https://deepmind.google/discover/blog/alphaearth-foundations-helps-map-our-planet-in-unprecedented-detail/
https://developers.google.com/earth-engine/datasets/catalog/GOOGLE_SATELLITE_EMBEDDING_V1_ANNUAL
https://www.esa.int/Applications/Observing_the_Earth/Copernicus/Green_City_Watch_grabs_top_prize_at_Copernicus_Masters
https://www.esa.int/Applications/Observing_the_Earth/Copernicus/Green_City_Watch_grabs_top_prize_at_Copernicus_Masters
https://ai.heliware.co.in:3002/
https://www.inflowgo.com/
https://docs.qgis.org/
https://www.qgistutorials.com/
https://vedas.sac.gov.in/urban/

1. Introduction

2. GEOAI definition

3. Trends and developments

4. GEOAI applications

5. Opportunities and benefits

References

Abascal, A., Bonafoni, S., Gervasoni, L., &
Puente, A. (2024). Al perceives like a local:
Predicting citizen deprivation. npj Urban
Sustainability, 4(1), 38. https:/doi.org/10.1038/
$42949-024-00156-x

Accenture. (2020). Al-powered virtual agent
network helps entrepreneurs set up business.
https://www.accenture.com/content/dam/
accenture/final/a-com-migration/pdf/pdf-132/
accenture-ai-powered-virtual-agent-network-us.
pdf

AlShaer, S., Warwadekar, P. W., & Alhomran, M.
(2025). Leveraging GeoAl: A strategic approach
for utility companies. PwC Middle East. https:/
www.pwc.com/m1/en/publications/2025/
docs/leveraging-geoai-a-strategic.pdf

Arundel, S. T. and Li, W. (2021). The Evolution
of Geospatial Reasoning, Analytics, and
Modeling. The Geographic Information Science
& Technology Body of Knowledge (3rd Quarter
2021 Edition), John P. Wilson (Ed.). DOI:
10.22224/gistbok/2021.3.4.

Asian Development Bank. (2020). Using
artificial intelligence for smart water
management systems. https:/www.adb.
org/sites/default/files/publication/614891/

artificial-intelligence-smart-water-management-

systems.pdf

Barsi & Co. (2024). Emerging GIS technologies.
Barsi & Co. https://barsi-co.com/emerging-
technologies-in-gis-and-remote-sensing/

Batty, M. (2018). Digital twins. Environment
and Planning B: Urban Analytics and City
Science, 45(5), 817-820. https:/doi.
org/10.1177/2399808318796416

Ben Dhaou, S., Isagah, T, Distor, C., & Ruas, I.
C. (2024). Global assessment of responsible
artificial intelligence in cities: Research

and recommendations to leverage Al for
people-centred smart cities. United Nations
Human Settlements Programme (UN-Habitat).
https://unhabitat.org/global-assessment-of-
responsible-ai-in-cities

Bergeron, A., Fournier, A., Kabeya Kabeya,

J., Tourek, G., & Weigel, J. L. (2023). Using
machine learning to create a property tax roll:
Evidence from the city of Kananga, DR Congo
(ICTD Working Paper No. 176). Institute of
Development Studies. https://www.ictd.ac/
publication/using-machine-learning-to-create-
property-tax-roll-evidence-from-kananga/

Berryhill, J., Heang, K., Clogher, R., & McBride,
K. (2019). Hello, world: Artificial intelligence
and its use in the public sector. OECD
Working Papers on Public Governance. OECD.
https://www.oecd-ilibrary.org/governance/
helloworld_726fd39d-en

. Bibri, S. E., & Krogstie, J. (2017). Smart

sustainable cities of the future: An extensive

18.

20.

21.

interdisciplinary literature review. Sustainable
Cities and Society, 31, 183-212. https://doi.
0rg/10.1016/j.5¢s.2017.02.016

Bhaskar, G. (2025). Machine learning
approaches for water quality classification of
Indian water bodies: A comparative analysis
of random forest, SVM, and gradient boosting.
SGS - Engineering & Sciences. https://spast.
org/techrep/article/view/5423

Bhoda, D. (2025). Predictive congestion
management with GeoAl: Using geospatial
technologies and artificial intelligence.
LinkedIn. https://www.linkedin.com/pulse/
predictive-congestion-management-geoai-
using-geospatial-bhoda-ilugc

Boutayeb, A., Lahsen-Cherif, I, & Khadimi, A.
E. (2024). A comprehensive GeoAl review:
Progress, challenges and outlooks. arXiv
Preprint, arXiv:2412.11643. https://doi
0rg/10.48550/arXiv.2412.11643

Brethenous, E., & Karamouzis, F. (2020). 5 Steps
to Practically Implement Al Techniques (Report
No. G00383797). Gartner, Inc.

Brown, C. F, Kazmierski, M. R., Pasquarella,
V. J., Rucklidge, W. J., Samsikova, M., Zhang,
C., Shelhamer, E., Lahera, E., Wiles, 0.,
llyushchenko, S., Gorelick, N., Zhang, L. L.,
Alj, S., Schechter, E., Askay, S., Guinan, 0.,
Moore, R., Boukouvalas, A., & Kohli, P. (2025).
AlphaEarth foundations: An embedding

field model for accurate and efficient global
mapping from sparse label data. arXiv Preprint,
arXiv:2507.22291. https://doi.org/10.48550/
arXiv.2507.22291

Buczkowski, A. (2024). Unlocking the future:
Key trends in geospatial technology for 2025.
Geoawesome. https:/geoawesome.com/
unlocking-the-future-key-trends-in-geospatial-
technology-for-2025/

Boutayeb, A., Lahsen-Cherif, I., & EI Khadimi,
A. (2024). A comprehensive GeoAl review:
Progress, Challenges and Outlooks. arXiv.
https://arxiv.org/abs/2412.11643v1 arXiv

Cai, M. (2021). Natural language processing

for urban research: A systematic review.
Heliyon, 7(3), €06322. https://doi.org/10.1016/).
heliyon.2021.e06322

CDP. (2024, July 3). 83% of world's cities report
significant climate hazards [Press release].
https://www.cdp.net/en/press-releases/83-of-
worlds-cities-report-significant-climate-hazards

Cha, G.-W,, Choi, S-H., Hong, W.-H., & Park, C.-W.
(2023). Development of a machine learning
model for the prediction of demolition waste
generation rate of buildings in redevelopment
areas. International Journal of Environmental
Research and Public Health, 20(1), 107. https:/
doi.org/10.3390/ijerph20010107

52 Alfor Spatial Mapping and Analysis GeoAl Toolkit for Urban Planners

6. Challenges and risks

22.

23.

24.

25.

26.

21.

28.

29.

30.

31.

32.

33.

7. Step-by-step guide Annex |

CIDOB (2025). Atlas of Urban Al. Retrieved
October 24, 2025, from https:/gouai.cidob.
org/atlas/

Cooke, K. (2024). The emergence of GeoAl in
planning. Esri. https://www.esri.com/en-us/
industries/blog/articles/the-emergence-of-
geoai-in-planning

Costa, D. G., Bittencourt, J. C. N., Oliveira, F,
Peixoto, J. P. J., & Jesus, T. C. (2024). Achieving
Sustainable Smart Cities through Geospatial
Data-Driven Approaches. Sustainability, 16(2),
640. MDPI

Zou, L. (2024). Geospatial big data: theory,
methods, and applications. International
Journal of Digital Earth

Cugurullo, F, Caprotti, F, Cook, M., Karvonen,
A., M Guirk, P, & Marvin, S. (2023). The rise
of Al urbanism in post-smart cities: A critical
commentary on urban artificial intelligence.
Urban Studies, 61(6), 1168-1182. https://doi.
org/10.1177/00420980231203386

Danish Energy Agency. (2021). Denmark's
success in integrating wind energy into the grid
using Al technology. Danish Energy Report, 16,
45-57.

Das, D. K. (2025). Digital technology and Al
for smart sustainable cities in the Global
South: A critical review of literature and case
studies. Urban Science, 9(3), 72. https:/doi
0rg/10.3390/urbansci9030072

De Sabbata, S., Ballatore, A., Miller, H. J., Sieber,
R., Tyukin, 1., & Yeboah, G. (2023). GeoAl in
urban analytics. International Journal of
Geographical Information Science, 37(12),
2455-2463. https://doi.org/10.1080/13658816
.2023.2279978

Deloitte. (2025). Al-powered cities of the
future. Deloitte. https://www.deloitte.com/
content/dam/assets-shared/docs/industries/
government-public-services/2025/ai-powered-
cities-of-the-future.pdf

Deloitte. (2025). Al for infrastructure resilience.
Deloitte. https://www.deloitte.com/content/
dam/assets-shared/docs/about/2025/ai-for-
infrastructure-resilience.pdf

Diehra, J., Ogunyiola, A, & Dada, 0. (2025).
Artificial intelligence and machine learning-
powered GIS for disaster preparedness and
resilience. International Journal of Digital Earth,
18(3), 1-20. https://doi.org/10.1080/19475683
:2025.2473596

De Silva, D., & Alahakoon, D. (2022). An artificial
intelligence life cycle: From conception to
production. Patterns, 3(6), Article 100489.
https://doi.org/10.1016/j.patter.2022.100489

Annex Il REEENES


https://www.accenture.com/content/dam/accenture/final/a-com-migration/pdf/pdf-132/accenture-ai-powered-virtual-agent-network-us.pdf
https://www.pwc.com/m1/en/publications/2025/docs/leveraging-geoai-a-strategic.pdf
https://www.pwc.com/m1/en/publications/2025/docs/leveraging-geoai-a-strategic.pdf
https://www.pwc.com/m1/en/publications/2025/docs/leveraging-geoai-a-strategic.pdf
https://www.pwc.com/m1/en/publications/2025/docs/leveraging-geoai-a-strategic.pdf
https://www.adb.org/sites/default/files/publication/614891/artificial-intelligence-smart-water-management-systems.pdf
https://barsi-co.com/emerging-technologies-in-gis-and-remote-sensing/
https://barsi-co.com/emerging-technologies-in-gis-and-remote-sensing/
https://barsi-co.com/emerging-technologies-in-gis-and-remote-sensing/
https://doi.org/10.1177/2399808318796416
https://doi.org/10.1177/2399808318796416
https://doi.org/10.1177/2399808318796416
https://unhabitat.org/global-assessment-of-responsible-ai-in-cities
https://unhabitat.org/global-assessment-of-responsible-ai-in-cities
https://unhabitat.org/global-assessment-of-responsible-ai-in-cities
https://www.ictd.ac/publication/using-machine-learning-to-create-property-tax-roll-evidence-from-kananga/
https://www.ictd.ac/publication/using-machine-learning-to-create-property-tax-roll-evidence-from-kananga/
https://www.ictd.ac/publication/using-machine-learning-to-create-property-tax-roll-evidence-from-kananga/
https://www.ictd.ac/publication/using-machine-learning-to-create-property-tax-roll-evidence-from-kananga/
https://www.oecd-ilibrary.org/governance/helloworld_726fd39d-en
https://www.oecd-ilibrary.org/governance/helloworld_726fd39d-en
https://www.oecd-ilibrary.org/governance/helloworld_726fd39d-en
https://spast.org/techrep/article/view/5423
https://spast.org/techrep/article/view/5423
https://spast.org/techrep/article/view/5423
https://www.linkedin.com/pulse/predictive-congestion-management-geoai-using-geospatial-bhoda-iluqc
https://www.linkedin.com/pulse/predictive-congestion-management-geoai-using-geospatial-bhoda-iluqc
https://www.linkedin.com/pulse/predictive-congestion-management-geoai-using-geospatial-bhoda-iluqc
https://www.linkedin.com/pulse/predictive-congestion-management-geoai-using-geospatial-bhoda-iluqc
https://doi.org/10.48550/arXiv.2412.11643
https://doi.org/10.48550/arXiv.2412.11643
https://doi.org/10.48550/arXiv.2412.11643
https://doi.org/10.48550/arXiv.2507.22291
https://doi.org/10.48550/arXiv.2507.22291
https://doi.org/10.48550/arXiv.2507.22291
https://geoawesome.com/unlocking-the-future-key-trends-in-geospatial-technology-for-2025/
https://geoawesome.com/unlocking-the-future-key-trends-in-geospatial-technology-for-2025/
https://geoawesome.com/unlocking-the-future-key-trends-in-geospatial-technology-for-2025/
https://geoawesome.com/unlocking-the-future-key-trends-in-geospatial-technology-for-2025/
https://arxiv.org/html/2412.11643v1?utm_source=chatgpt.com
https://arxiv.org/html/2412.11643v1?utm_source=chatgpt.com
https://doi.org/10.1016/j.heliyon.2021.e06322
https://doi.org/10.1016/j.heliyon.2021.e06322
https://doi.org/10.1016/j.heliyon.2021.e06322
https://www.cdp.net/en/press-releases/83-of-worlds-cities-report-significant-climate-hazards
https://www.cdp.net/en/press-releases/83-of-worlds-cities-report-significant-climate-hazards
https://doi.org/10.3390/ijerph20010107
https://doi.org/10.3390/ijerph20010107
https://doi.org/10.3390/ijerph20010107
https://gouai.cidob.org/atlas/?utm_source=chatgpt.com
https://gouai.cidob.org/atlas/?utm_source=chatgpt.com
https://gouai.cidob.org/atlas/?utm_source=chatgpt.com
https://www.esri.com/en-us/industries/blog/articles/the-emergence-of-geoai-in-planning
https://www.esri.com/en-us/industries/blog/articles/the-emergence-of-geoai-in-planning
https://www.esri.com/en-us/industries/blog/articles/the-emergence-of-geoai-in-planning
https://www.esri.com/en-us/industries/blog/articles/the-emergence-of-geoai-in-planning
https://www.mdpi.com/2071-1050/16/2/640?utm_source=chatgpt.com
https://www.mdpi.com/2071-1050/16/2/640?utm_source=chatgpt.com
https://doi.org/10.1177/00420980231203386
https://doi.org/10.1177/00420980231203386
https://doi.org/10.3390/urbansci9030072
https://doi.org/10.3390/urbansci9030072
https://doi.org/10.3390/urbansci9030072
https://doi.org/10.1080/13658816.2023.2279978
https://doi.org/10.1080/13658816.2023.2279978
https://doi.org/10.1080/13658816.2023.2279978
https://www.deloitte.com/content/dam/assets-shared/docs/industries/government-public-services/2025/ai-powered-cities-of-the-future.pdf
https://www.deloitte.com/content/dam/assets-shared/docs/industries/government-public-services/2025/ai-powered-cities-of-the-future.pdf
https://www.deloitte.com/content/dam/assets-shared/docs/industries/government-public-services/2025/ai-powered-cities-of-the-future.pdf
https://www.deloitte.com/content/dam/assets-shared/docs/industries/government-public-services/2025/ai-powered-cities-of-the-future.pdf
https://www.deloitte.com/content/dam/assets-shared/docs/industries/government-public-services/2025/ai-powered-cities-of-the-future.pdf
https://www.deloitte.com/content/dam/assets-shared/docs/about/2025/ai-for-infrastructure-resilience.pdf
https://www.deloitte.com/content/dam/assets-shared/docs/about/2025/ai-for-infrastructure-resilience.pdf
https://www.deloitte.com/content/dam/assets-shared/docs/about/2025/ai-for-infrastructure-resilience.pdf
https://www.deloitte.com/content/dam/assets-shared/docs/about/2025/ai-for-infrastructure-resilience.pdf
https://doi.org/10.1080/19475683.2025.2473596
https://doi.org/10.1080/19475683.2025.2473596
https://doi.org/10.1080/19475683.2025.2473596

1. Introduction

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44

45.

46.

2. GEOAI definition

3. Trends and developments

Dritsas, E., & Trigka, M. (2025). Remote sensing
and geospatial analysis in the big data era: A
survey. Remote Sensing, 17(3), 550. https:/doi.
0rg/10.3390/rs17030550

Eichholz, L. (2025). Municipal Al integration:
A structured approach. Frontiers of Urban
and Rural Planning, 3, Article 6. https:/doi.
org/10.1007/s44243-025-00056-3

EIMT University. (n.d.). Transformative trends
shaping the future of geospatial Al. https:/
www.eimt.edu.eu/transformative-trends-
shaping-the-future-of-geospatial-ai

El-Agamy, R. F, Sayed, H. A., Al Akhatatneh,
A. M., Aljohani, M., & Elhosseini, M. (2024).
Comprehensive analysis of digital twins in
smart cities: A 4200-paper bibliometric study.
Artificial Intelligence Review, 57(154). https:/
doi.org/10.1007/s10462-024-10781-8

Esri. (n.d.). What is GIS? https://www.esri.com/
en-us/what-is-gis/overview

Esri. (n.d.). Geospatial Al platform. ArcGIS
Architecture Center. Retrieved October 23,
2025, from https:/architecture.arcgis.com/en/
overview/introduction-to-arcgis/geospatial-ai.
html

Esri. (2025). Geospatial Al: Artificial intelligence
in GIS. https:/www.esri.com/en-us/geospatial-
artificial-intelligence/overview

Esri. (2024). The Rise of Al and Location
Intelligence. Esri Press. Retrieved from https:/
www.esri.com/content/dam/esrisites/en-us/
media/misc/private/rise-of-ai-and-location-
intelligence.pdf

Evans, J., Karvonen, A, Luque-Ayala, A,
Martin, C., McCormick, K., Raven, R., & Palgan,
Y. V. (2019). Smart and sustainable cities?
Pipedreams, practicalities and possibilities
[Editorial]. Local Environment, 24(7), 557-564.
https://doi.org/10.1080/13549839.2019.162
4701

Fan, J., Chen, Y, & Zheng, L. (2024). Artificial
intelligence for routine heritage monitoring
and sustainable planning of the conservation
of historic districts: A case study on Fujian
earthen houses. Buildings, 14(7), 1915. https:/
www.mdpi.com/2075-5309/14/7/1915

Fan, Z, Yan, Z, & Wen, S. (2023). Deep learning
and artificial intelligence in sustainability:

A review of SDGs, renewable energy, and
environmental health. Sustainability, 15(18),
13493, https://doi.org/10.3390/su151813493

Fejerskov, A. M., Clausen, M.-L., & Seddig, S.
(2024). Humanitarian ignorance: Towards a
new paradigm of non-knowledge in digital
humanitarianism. Disasters, 48(2), €12609.
https://doi.org/10.1111/disa.12609

Feng, L., Cheng, S., & Wang, P. (2025).
GeoAl-enabled urban computing: Status and

4. GEOAI applications

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

5. Opportunities and benefits

challenges. Annals of GIS. https://doi.org/10.10
80/19475683.2025.2552152

Fistola, R., & La Rocca, R. A. (2025). Artificial
Intelligence for Urban Planning—A New
Planning Process to Envisage the City of the
Future. Urban Science, 9(9), 336. https:/doi.
0rg/10.3390/urbansci9090336

Fiermonte, F, La Riccia, L., Scalas, M. (2023).
Source and Data for the Analysis of the
Metropolitan Territory with GIS Tools: A Critical
Review Between Commercial and Open Access
Tools. In: Brunetta, G., Lombardi, P, Voghera,
A. (eds) Post Un-Lock. The Urban Book Series.
Springer, Cham. https://doi.org/10.1007/978-3-
031-33894-6_13

Frank Othengrafen, F, Sievers, L., & Reinecke,
E. (2025). From vision to reality: The use of
artificial intelligence in different urban planning
phases. Urban Planning, 10, 8576. https:/doi.
0org/10.17645/up.8576

Galceran-Vercher, M., & Vidal D'oleo, A. (Eds.).
(2024). Ethical urban Al in practice: Policy
mechanisms to establish local governance
frameworks (CIDOB Monograph No. 89).
CIDOB. https://www.cidob.org/sites/default/
files/2025-02/MONOGRAFIA%2089_ANG_0.pdf

Gao, S, Hu, Y, &Li, W. (Eds.). (2023).
Handbook of Geospatial Artificial
Intelligence (1st ed.). CRC Press. https:/doi.
0rg/10.1201/9781003308423

Gartner(2024). Defining Al and setting realistic
expectations . Analysts: Erick Brethenoux &
Ben Yan.

Gonzales-Inca, C., Tamez, C., Garcia, L., &
Candela, M. (2022). Geospatial artificial
intelligence (GeoAl) in the integrated
hydrological and fluvial systems modelling:
Review of current applications and trends.
Water, 14(14), 2211. https://www.mdpi.
com/2073-4441/14/14/2211

Gorelick, N., Hancher, M., Dixon, M.,
llyushchenko, S., Thau, D., & Moore, R.
(2017). Google Earth Engine: Planetary-scale
geospatial analysis for everyone. Remote
Sensing of Environment, 202, 18-27. https://
doi.org/10.1016/j.rse.2017.06.031

Hajjar, S. E., Abdallah, F., Kassem, H., &
Omrani, H. (2023). Long short-term memory
and attention models for simulating urban
densification. Sustainable Cities and Society,
98, 104852. https://doi.org/10.1016/].
5cs.2023.104852

Hartmann, T., Pawelzik, M., & Wimmer, M.
(2024). Comparative analysis of digital twins
in smart cities. In Proceedings of the 20th
International Conference on Smart City
Applications (Vol. 3737, pp. 123-134). CEUR-
WS. https:/ceur-ws.org/Vol-3737/paper11.pdf

Hashem, I. A. T, Chang, V., Anuar, N. B.,

6. Challenges and risks

58.

59.

60.

61.

62.

63.

64.

65.

66.

7. Step-by-step guide Annex |

Adewole, K., Yagoob, I, Gani, A, Ahmed, E.,

& Chiroma, H. (2016). The role of big data in
smart city. International Journal of Information
Management, 36(5), 748-758. https://doi.
0rg/10.1016/j.ijinfomgt.2016.05.002

Hosseini, F, Feizizadeh, B., Zolfaghari, M., &
Akbarzadeh, M. (2023). Geospatial artificial
intelligence (GeoAl) and satellite imagery
fusion for soil physical property predicting.
Sustainability, 15(19), 14125. https:/www.
mdpi.com/2071-1050/15/19/14125

ICLEI - Local Governments for Sustainability
& GrowSmarter Project. (2019). Road to
Replication — Guiding Cities on Smart Urban
Development: Process and lessons learned
in GrowSmarter. Retrieved from https:/grow-
smarter.eu/fileadmin/editor-upload/Reports/
Concluding_report_on_Replication_online.pdf

International Energy Agency (IEA), 2025.
Energy and Al https:/iea.blob.core.windows.
net/assets/601eaec9-bad1-4623-819b-
4ded331ec9e8/EnergyandAl.pdf

Islam, M., Chen, G., & Jin, S. (2019). An
overview of neural network. American
Journal of Neural Networks and Applications,
5(1), 7-11. https://www.academia.
edu/download/89062715/10.11648.].
ajnna.20190501.12.pdf

Kamel Boulos, M. N., Peng, G., & VoPham, T.
(2019). An overview of GeoAl applications in
health and healthcare. International Journal
of Health Geographics, 18, 7. https:/doi.
0rg/10.1186/$12942-019-0171-2

Kaur, A., Garg, R., & Gupta, P. (2021). Challenges
facing Al and big data for resource-poor
healthcare systems. In Proceedings of the
Second International Conference on Electronics
and Sustainable Communication Systems
(ICESC) (pp. 1426-1433). IEEE. https://doi.
0rg/10.1109/ICESC51422.2021.9532955

Knebelmann, J. (2023, November 8). Adopting
an algorithm improves tax equity when
bureaucrats undervalue the wealth of the
richest. World Bank Blogs: Development
Impact. https:/blogs.worldbank.org/en/
impactevaluations/adopting-algorithm-
improves-tax-equity-when-bureaucrats-
undervalue-wealthiest

Koseki, S., Jameson, S., Farnadi, G., Rolnick,

D, Régis, C., Denis, J.-L., Leal, A., de Bezenac,
C., Occhini, G., Lefebvre, H., Gallego-Posada, J.,
Chehbouni, K., Molamohammadi, M., Sefala, R.,
Salganik, R., Yahaya, S., & Téhinian, S. (2022).
Al & cities: Risks, applications and governance.
UN-Habitat. https://unhabitat.org/ai-cities-risks-
applications-and-governance

Koldasbayeva, D,, et al. (2024). Challenges
in data-driven geospatial modeling for
spatial distribution forecasting. Nature
Communications, 15, 55240.

Al for Spatial Mapping and Analysis GeoAl Toolkit for Urban Planners 53

Annex Il REEENES


https://doi.org/10.3390/rs17030550
https://doi.org/10.3390/rs17030550
https://doi.org/10.3390/rs17030550
https://doi.org/10.1007/s44243-025-00056-3
https://doi.org/10.1007/s44243-025-00056-3
https://doi.org/10.1007/s44243-025-00056-3
https://www.eimt.edu.eu/transformative-trends-shaping-the-future-of-geospatial-ai
https://www.eimt.edu.eu/transformative-trends-shaping-the-future-of-geospatial-ai
https://www.eimt.edu.eu/transformative-trends-shaping-the-future-of-geospatial-ai
https://www.eimt.edu.eu/transformative-trends-shaping-the-future-of-geospatial-ai
https://doi.org/10.1007/s10462-024-10781-8
https://doi.org/10.1007/s10462-024-10781-8
https://www.esri.com/en-us/what-is-gis/overview
https://www.esri.com/en-us/what-is-gis/overview
https://www.esri.com/en-us/what-is-gis/overview
https://architecture.arcgis.com/en/overview/introduction-to-arcgis/geospatial-ai.html?utm_source=chatgpt.com
https://architecture.arcgis.com/en/overview/introduction-to-arcgis/geospatial-ai.html?utm_source=chatgpt.com
https://architecture.arcgis.com/en/overview/introduction-to-arcgis/geospatial-ai.html?utm_source=chatgpt.com
https://www.esri.com/en-us/geospatial-artificial-intelligence/overview
https://www.esri.com/en-us/geospatial-artificial-intelligence/overview
https://www.esri.com/en-us/geospatial-artificial-intelligence/overview
https://www.esri.com/content/dam/esrisites/en-us/media/misc/private/rise-of-ai-and-location-intelligence.pdf
https://www.esri.com/content/dam/esrisites/en-us/media/misc/private/rise-of-ai-and-location-intelligence.pdf
https://www.esri.com/content/dam/esrisites/en-us/media/misc/private/rise-of-ai-and-location-intelligence.pdf
https://www.esri.com/content/dam/esrisites/en-us/media/misc/private/rise-of-ai-and-location-intelligence.pdf
https://www.esri.com/content/dam/esrisites/en-us/media/misc/private/rise-of-ai-and-location-intelligence.pdf
https://doi.org/10.1080/13549839.2019.1624701
https://doi.org/10.1080/13549839.2019.1624701
https://doi.org/10.1080/13549839.2019.1624701
https://www.mdpi.com/2075-5309/14/7/1915
https://www.mdpi.com/2075-5309/14/7/1915
https://www.mdpi.com/2075-5309/14/7/1915
https://doi.org/10.3390/su151813493
https://doi.org/10.3390/su151813493
https://doi.org/10.1111/disa.12609
https://doi.org/10.1111/disa.12609
https://doi.org/10.1080/19475683.2025.2552152
https://doi.org/10.1080/19475683.2025.2552152
https://doi.org/10.1080/19475683.2025.2552152
https://doi.org/10.17645/up.8576
https://doi.org/10.17645/up.8576
https://doi.org/10.17645/up.8576
https://www.cidob.org/sites/default/files/2025-02/MONOGRAFIA%2089_ANG_0.pdf
https://www.cidob.org/sites/default/files/2025-02/MONOGRAFIA%2089_ANG_0.pdf
https://www.cidob.org/sites/default/files/2025-02/MONOGRAFIA%2089_ANG_0.pdf
https://doi.org/10.1201/9781003308423
https://doi.org/10.1201/9781003308423
https://doi.org/10.1201/9781003308423
https://www.mdpi.com/2073-4441/14/14/2211
https://www.mdpi.com/2073-4441/14/14/2211
https://www.mdpi.com/2073-4441/14/14/2211
https://doi.org/10.1016/j.rse.2017.06.031
https://doi.org/10.1016/j.rse.2017.06.031
https://doi.org/10.1016/j.rse.2017.06.031
https://doi.org/10.1016/j.scs.2023.104852
https://doi.org/10.1016/j.scs.2023.104852
https://doi.org/10.1016/j.scs.2023.104852
https://ceur-ws.org/Vol-3737/paper11.pdf
https://doi.org/10.1016/j.ijinfomgt.2016.05.002
https://doi.org/10.1016/j.ijinfomgt.2016.05.002
https://doi.org/10.1016/j.ijinfomgt.2016.05.002
https://www.mdpi.com/2071-1050/15/19/14125
https://www.mdpi.com/2071-1050/15/19/14125
https://www.mdpi.com/2071-1050/15/19/14125
https://grow-smarter.eu/fileadmin/editor-upload/Reports/Concluding_report_on_Replication_online.pdf?utm_source=chatgpt.com
https://grow-smarter.eu/fileadmin/editor-upload/Reports/Concluding_report_on_Replication_online.pdf?utm_source=chatgpt.com
https://grow-smarter.eu/fileadmin/editor-upload/Reports/Concluding_report_on_Replication_online.pdf?utm_source=chatgpt.com
https://grow-smarter.eu/fileadmin/editor-upload/Reports/Concluding_report_on_Replication_online.pdf?utm_source=chatgpt.com
https://www.academia.edu/download/89062715/10.11648.j.ajnna.20190501.12.pdf
https://www.academia.edu/download/89062715/10.11648.j.ajnna.20190501.12.pdf
https://www.academia.edu/download/89062715/10.11648.j.ajnna.20190501.12.pdf
https://www.academia.edu/download/89062715/10.11648.j.ajnna.20190501.12.pdf
https://doi.org/10.1186/s12942-019-0171-2
https://doi.org/10.1186/s12942-019-0171-2
https://doi.org/10.1186/s12942-019-0171-2
https://doi.org/10.1109/ICESC51422.2021.9532955
https://doi.org/10.1109/ICESC51422.2021.9532955
https://doi.org/10.1109/ICESC51422.2021.9532955
https://blogs.worldbank.org/en/impactevaluations/adopting-algorithm-improves-tax-equity-when-bureaucrats-undervalue-wealthiest
https://blogs.worldbank.org/en/impactevaluations/adopting-algorithm-improves-tax-equity-when-bureaucrats-undervalue-wealthiest
https://blogs.worldbank.org/en/impactevaluations/adopting-algorithm-improves-tax-equity-when-bureaucrats-undervalue-wealthiest
https://blogs.worldbank.org/en/impactevaluations/adopting-algorithm-improves-tax-equity-when-bureaucrats-undervalue-wealthiest
https://blogs.worldbank.org/en/impactevaluations/adopting-algorithm-improves-tax-equity-when-bureaucrats-undervalue-wealthiest
https://unhabitat.org/ai-cities-risks-applications-and-governance
https://unhabitat.org/ai-cities-risks-applications-and-governance
https://unhabitat.org/ai-cities-risks-applications-and-governance

1. Introduction

2. GEOAI definition

67.

68.

69.

70.

7.

T2.

73.

T4.

75.

76.

.

78.

3. Trends and developments

Kukreja, H., Bharath, N., Siddesh, C. S., &
Kuldeep, S. (2016). An introduction to artificial
neural network. International Journal of
Advanced Research in Innovative Ideas

in Education, 1(5), 27-30. https:/www.
researchgate.net/publication/319903816

Leonardi, J. (2025, March 30). What are the
tools of a GeoAl practitioner? (The roadmap

to GeoAl - Part 4). Medium. https://medium.
com/@julialeonardi/what-are-the-tools-of-a-
geoai-practitioner-the-roadmap-to-geoai-part-4-
aa4fbe678d4b

Li, P, Yang, J., Islam, M. A, & Ren, S. (2023).
Making Al less “thirsty”: Uncovering and
addressing the secret water footprint of Al
models. arXiv Preprint, arXiv:2304.03271.
https://doi.org/10.48550/arXiv.2304.03271

Liu, P, & Biljecki, F. (2022). A review of spatially-
explicit GeoAl applications in urban geography.
International Journal of Applied Earth
Observation and Geoinformation, 112, 102936.
https://doi.org/10.1016/j.jag.2022.102936

Lodhi, M. K., Tan, Y., Suprijanto, A., Naeem, S,
& Li, Y. (2025). GeoAl-driven mapping of urban
rooftop photovoltaics: A sustainable energy
framework for Karachi, Pakistan. International
Journal of Applied Earth Observation and
Geoinformation, 143, 104786. https://doi.
0rg/10.1016/j.jag.2025.104786

Lunga, D, Hu, Y., Newsam, S., Gao, S.,
Martins, B., Yang, L, & Deng, X. (2022). GeoAl
at ACM SIGSPATIAL: The new frontier of
geospatial artificial intelligence research.
SIGSpatial Special, 13(3), 21-32. https://doi.
0rg/10.1145/3578484.3578491

Mai, G., Janowicz, K., Hu, Y, Gao, S., Yan, B.,
Zhuy, R., Lao, N. (2022). A review of location
encoding for GeoAl: Methods and applications.
International Journal of Geographical
Information Science, 36(4), 639-673. https:/
doi.org/10.1080/13658816.2021.2004602

Mai, G., Xie, Y., Jia, X., Lao, N., Rao, J., Zhu, Q.,
Liu, Z., Chiang, Y--Y, & Jiao, J. (2025). Towards
the next generation of geospatial artificial
intelligence. International Journal of Applied
Earth Observation and Geoinformation,

136, 104368 https://doi.org/10.1016/].
jag.2025.104368

Marasinghe, R., Yigitcanlar, T, Mayere, S., ...
(2024). Towards responsible urban geospatial
Al: Insights from the white and grey literatures.
Journal of Geovisualization and Spatial
Analysis, 8, 24. https://doi.org/10.1007/s41651-
024-00184-2

Malekzadeh, M. (2025). Urban planners should
not be afraid of Al. Cities, 168, 106497. https://
doi.org/10.1016/j.cities.2025.106497

Mortaheb, R., & Jankowski, P. (2023). Smart
city re-imagined: City planning and GeoAl in the
age of big data. Journal of Urban Management,
12(1), 4-15. https://doi.org/10.1016/j.
jum.2022.08.001

Naue, S., & Ziemer, G. (2023). Using Al for better
city planning: How a digital tool is helping to
map informal settlements in eThekwini, SA.
Paper presented at the ECAS 2023 conference

4. GEOAI applications

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

5. Opportunities and benefits

Ninareh, M., Morstatter, F., Saxena, N., Lerman,
K, & Galstyan, A. (2021). A survey on bias and
fairness in machine learning. ACM Computing
Surveys, 54(6), Article 115, 35. https://doi.
org/10.1145/3457607

Nisar, H., Gupta, D., Kumar, P, Murapaka,

S., Rajesh, A., & Upadhyaya, A. (2022).
Algorithmic rural road planning in India:
Constrained capacities and choices in public
sector. 2nd ACM Conference on Equity and
Access in Algorithms, Mechanisms, and
Optimization, Article 14, 1-11. https:/doi
0rg/10.1145/3551624.3555299

NITI for States. (n.d.). Artificial intelligence use
case compendium. https://www.nitiforstates.
gov.in/public-assets/Best_Practices/
Compendiums/Artificial%20Intelligence%20
use%20case%20compendium.pdf

Novianti, L., Ermatita, A, Abdiansah, A. S. H.,
Rahmadani, N., & Husni, N. L. (2025). Machine
learning application of flood detecting and
mapping in urban area with geographic
information data. In Proceedings of the 8th
FIRST 2024 International Conference on
Global Innovations. Atlantis Press. https://doi.
0rg/10.2991/978-94-6463-678-9_36

OECD, 2025. Artificial Intelligence for advancing
smart cities: OECD issues note. OECD Centre
for Entrepreneurship, SMEs, Regions and Cities.

OECD (2025a). Governing with Artificial
Intelligence: The State of Play and Way
Forward in Core Government Functions,
OECD Publishing, Paris, https:/doi.
org/10.1787/795de142-en.

Okolo, C. T. (2023, November 1). Al in the
Global South: Opportunities and challenges
towards more inclusive governance. Brookings
Institution. https://www.brookings.edu/
articles/ai-in-the-global-south-opportunities-
and-challenges-towards-more-inclusive-
governance/

Oluoch, 1. (2025). The knowledge politics

of GeoAl. In X. Huang, S. Wang, J. Wilson,

& P Kedron (Eds.), GeoAl and human
geography (pp. xxx—xxx). Springer. https:/doi.
0rg/10.1007/978-3-031-87421-5_24

Orgeira Pillai, N., Schenker, X., Prichard, W.,
& Stewart-Wilson, G. (2024). Implementing
a points-based valuation system for
property taxation (LoGRI Guidance Note
No. 002). University of Toronto. https://
utoronto.scholaris.ca/server/api/core/
bitstreams/498e0ce5-9da9-40b6-88¢8-
34d4ab8b49ch/content

Pankaja, N., & Mukund Raj, PK. (2013).
Proprietary software versus Open Source
Software for Education. American Journal of
Engineering Research, 2(7), 124-130

Picton, P (1994). What is a neural network?

In Introduction to neural networks .Palgrave
Macmillan. https://doi.org/10.1007/978-1-349-
13530-1_1

Pisu, D., & Carta, S. (2023). Architectural Al:
Urban artificial intelligence in architecture
and design. In Artificial intelligence and
the city (Chap. 25). Routledge. https://

54 Al for Spatial Mapping and Analysis GeoAl Toolkit for Urban Planners

6. Challenges and risks

91.

95.

96.

97.

98.

99.

100.

7. Step-by-step guide Annex |

www.taylorfrancis.com/chapters/
edit/10.4324/9781003365877-25/architectural-
al-davide-pisu-silvio-carta

Peldon, D., Banihashemi, S., LeNguyen,

K., & Derrible, S. (2024). Navigating urban
complexity: The transformative role of digital
twins in smart city development. Sustainable
Cities and Society, 112, 105583. https:/doi.
0rg/10.1016/j.scs.2024.105583

. Pettit, C., Bakelmun, A, Lieske, S., Glackin, S.,

Hargroves, K., Thomson, G., Shearer, H., Dia,
H., & Newman, P. (2017). Planning support
systems for smart cities. City, Culture and
Society, 12, 13-24. https://doi.org/10.1016/].
€cs.2017.10.002

. Ponnuru, A., Madhuri, J. V,, Saravanan, S.,

Vijayakumar, T, Manimegalai, V., & Das, A.
(2025). Data-driven approaches to water quality
monitoring: Leveraging Al, machine learning,
and management strategies for environmental
protection. Journal of Neonatal Surgery, 14(5S),
664-675. https:/jneonatalsurg.com/index.
php/jns/article/view/2107

Precedence Research. (2025, July 31).
Geospatial analytics artificial intelligence
market size to hit USD 472.62 billion by

2034. Precedence Research. https:/www.
precedenceresearch.com/geospatial-analytics-
artificial-intelligence-market

Prichard, W. (2024). Property taxes for
development: Building the foundation for
accelerated subnational development
(Policy Brief 09). University of Toronto: Local
Government Revenue Initiative.

Ramachandran, K., Raju, V., Karthick, K.,
Gnanakumar, P. B., & Deepa, M. (2024). Rise
of Al: Prediction of Job Replacements Based
on the Evolution of Artificial Intelligence and
Robots Intensification. In 2024 International
Conference on Advances in Computing,
Communication and Applied Informatics
(ACCAI) (pp. 338-343). IEEE. D0I:10.1109/
ACCAI61061.2024.10602094

Rajagopal, S., Tripathi, P K., Deshmukh, M.,
Choudari, S., Kumar, A, & Long, C. S. (2025).
Edge computing—smart cities: Optimizing data
processing & resource management in urban
environments. Journal of Information Systems
Engineering and Management, 10(5S). https:/
doi.org/10.52783/jisem.v10i5s.667

Rao, J., Gao, S., Mai, G., & Janowicz, K.

(2023). Building Privacy-Preserving and
Secure Geospatial Artificial Intelligence
Foundation Models: (Vision Paper). In M. L.
Damiani, M. Renz, A. Eldawy, P. Kroger & M. A.
Nascimento (Eds.), Proceedings of the 31st
ACM SIGSPATIAL International Conference on
Advances in Geographic Information Systems
(SIGSPATIAL '23) (pp. 1-4). ACM. https://doi.
0rg/10.1145/3589132.3625611

Recommendation ITU-T Y.4600 “Requirements
and capabilities of a digital twin system for
smart cities”: https:/www.itu.int/rec/T-REC-
Y.4600-202208-1

Recommendation ITU-T Y.4000 “Overview of
the Internet of things": https://www.itu.int/
rec/T-REC-Y.2060-201206-I

Annex |l REEENES


https://www.researchgate.net/publication/319903816
https://www.researchgate.net/publication/319903816
https://www.researchgate.net/publication/319903816
https://medium.com/@julialeonardi/what-are-the-tools-of-a-geoai-practitioner-the-roadmap-to-geoai-part-4-aa4f5e678d4b
https://medium.com/@julialeonardi/what-are-the-tools-of-a-geoai-practitioner-the-roadmap-to-geoai-part-4-aa4f5e678d4b
https://medium.com/@julialeonardi/what-are-the-tools-of-a-geoai-practitioner-the-roadmap-to-geoai-part-4-aa4f5e678d4b
https://medium.com/@julialeonardi/what-are-the-tools-of-a-geoai-practitioner-the-roadmap-to-geoai-part-4-aa4f5e678d4b
https://medium.com/@julialeonardi/what-are-the-tools-of-a-geoai-practitioner-the-roadmap-to-geoai-part-4-aa4f5e678d4b
https://doi.org/10.48550/arXiv.2304.03271
https://doi.org/10.48550/arXiv.2304.03271
https://doi.org/10.1016/j.jag.2022.102936
https://doi.org/10.1016/j.jag.2022.102936
https://doi.org/10.1016/j.jag.2025.104786
https://doi.org/10.1016/j.jag.2025.104786
https://doi.org/10.1016/j.jag.2025.104786
https://doi.org/10.1145/3578484.3578491
https://doi.org/10.1145/3578484.3578491
https://doi.org/10.1145/3578484.3578491
https://doi.org/10.1080/13658816.2021.2004602
https://doi.org/10.1080/13658816.2021.2004602
https://doi.org/10.1080/13658816.2021.2004602
https://doi.org/10.1016/j.jag.2025.104368
https://doi.org/10.1016/j.jag.2025.104368
https://doi.org/10.1016/j.jag.2025.104368
https://doi.org/10.1007/s41651-024-00184-2
https://doi.org/10.1007/s41651-024-00184-2
https://doi.org/10.1007/s41651-024-00184-2
https://doi.org/10.1016/j.cities.2025.106497
https://doi.org/10.1016/j.cities.2025.106497
https://doi.org/10.1016/j.cities.2025.106497
https://doi.org/10.1016/j.jum.2022.08.001
https://doi.org/10.1016/j.jum.2022.08.001
https://doi.org/10.1016/j.jum.2022.08.001
https://doi.org/10.1145/3457607
https://doi.org/10.1145/3457607
https://doi.org/10.1145/3457607
https://doi.org/10.1145/3551624.3555299
https://doi.org/10.1145/3551624.3555299
https://doi.org/10.1145/3551624.3555299
https://www.nitiforstates.gov.in/public-assets/Best_Practices/Compendiums/Artificial%20Intelligence%20use%20case%20compendium.pdf
https://www.nitiforstates.gov.in/public-assets/Best_Practices/Compendiums/Artificial%20Intelligence%20use%20case%20compendium.pdf
https://www.nitiforstates.gov.in/public-assets/Best_Practices/Compendiums/Artificial%20Intelligence%20use%20case%20compendium.pdf
https://www.nitiforstates.gov.in/public-assets/Best_Practices/Compendiums/Artificial%20Intelligence%20use%20case%20compendium.pdf
https://www.nitiforstates.gov.in/public-assets/Best_Practices/Compendiums/Artificial%20Intelligence%20use%20case%20compendium.pdf
https://doi.org/10.2991/978-94-6463-678-9_36
https://doi.org/10.2991/978-94-6463-678-9_36
https://doi.org/10.2991/978-94-6463-678-9_36
https://www.brookings.edu/articles/ai-in-the-global-south-opportunities-and-challenges-towards-more-inclusive-governance/
https://www.brookings.edu/articles/ai-in-the-global-south-opportunities-and-challenges-towards-more-inclusive-governance/
https://www.brookings.edu/articles/ai-in-the-global-south-opportunities-and-challenges-towards-more-inclusive-governance/
https://www.brookings.edu/articles/ai-in-the-global-south-opportunities-and-challenges-towards-more-inclusive-governance/
https://www.brookings.edu/articles/ai-in-the-global-south-opportunities-and-challenges-towards-more-inclusive-governance/
https://doi.org/10.1007/978-3-031-87421-5_24
https://doi.org/10.1007/978-3-031-87421-5_24
https://doi.org/10.1007/978-3-031-87421-5_24
https://utoronto.scholaris.ca/server/api/core/bitstreams/498e0ce5-9da9-40b6-88c8-34d4ab8b49cb/content
https://utoronto.scholaris.ca/server/api/core/bitstreams/498e0ce5-9da9-40b6-88c8-34d4ab8b49cb/content
https://utoronto.scholaris.ca/server/api/core/bitstreams/498e0ce5-9da9-40b6-88c8-34d4ab8b49cb/content
https://utoronto.scholaris.ca/server/api/core/bitstreams/498e0ce5-9da9-40b6-88c8-34d4ab8b49cb/content
https://utoronto.scholaris.ca/server/api/core/bitstreams/498e0ce5-9da9-40b6-88c8-34d4ab8b49cb/content
https://doi.org/10.1007/978-1-349-13530-1_1
https://doi.org/10.1007/978-1-349-13530-1_1
https://doi.org/10.1007/978-1-349-13530-1_1
https://www.taylorfrancis.com/chapters/edit/10.4324/9781003365877-25/architectural-ai-davide-pisu-silvio-carta
https://www.taylorfrancis.com/chapters/edit/10.4324/9781003365877-25/architectural-ai-davide-pisu-silvio-carta
https://www.taylorfrancis.com/chapters/edit/10.4324/9781003365877-25/architectural-ai-davide-pisu-silvio-carta
https://www.taylorfrancis.com/chapters/edit/10.4324/9781003365877-25/architectural-ai-davide-pisu-silvio-carta
https://www.taylorfrancis.com/chapters/edit/10.4324/9781003365877-25/architectural-ai-davide-pisu-silvio-carta
https://doi.org/10.1016/j.scs.2024.105583
https://doi.org/10.1016/j.scs.2024.105583
https://doi.org/10.1016/j.ccs.2017.10.002
https://doi.org/10.1016/j.ccs.2017.10.002
https://doi.org/10.1016/j.ccs.2017.10.002
https://jneonatalsurg.com/index.php/jns/article/view/2107
https://jneonatalsurg.com/index.php/jns/article/view/2107
https://jneonatalsurg.com/index.php/jns/article/view/2107
https://www.precedenceresearch.com/geospatial-analytics-artificial-intelligence-market
https://www.precedenceresearch.com/geospatial-analytics-artificial-intelligence-market
https://www.precedenceresearch.com/geospatial-analytics-artificial-intelligence-market
https://www.precedenceresearch.com/geospatial-analytics-artificial-intelligence-market
https://doi.org/10.52783/jisem.v10i5s.667
https://doi.org/10.52783/jisem.v10i5s.667
https://doi.org/10.52783/jisem.v10i5s.667
https://www.itu.int/rec/T-REC-Y.4600-202208-I
https://www.itu.int/rec/T-REC-Y.4600-202208-I
https://www.itu.int/rec/T-REC-Y.2060-201206-I
https://www.itu.int/rec/T-REC-Y.2060-201206-I

2. GEOAI definition

N

wW

~

=3

—

101. Roussel, C. (2024). Visualization of explainable

artificial intelligence for GeoAl. Frontiers in
Computer Science, 6, 141492. https:/doi.
org/10.3389/fcomp.2024.1414923

. Saikia, P (2021, October 15). The importance
of data drift detection that data scientists do
not know. Analytics Vidhya (blog). https:/www.
analyticsvidhya.com/blog/2021/10/mlops-and-
the-importance-of-data-drift-detection/

. Schenker, X. (2024). Property identification and
mapping for property taxation (Guidance Note
03). University of Toronto: Local Government
Revenue Initiative.

. Schenker, X., & Somat, A. (2025, April 28).
Building local government capacity for
property tax reform in Kananga, DRC. Local
Government Revenue Initiative (LoGRI). https:/
logri.org/2025/04/building-local-government-
capacity-for-property-tax-reform-in-kananga-
dre/

. Scolamiero, V., Boccardo, P, & La Riccia, L.
(2025). Mobile mapping system for urban
infrastructure monitoring: Digital twin
implementation in road asset management.
Land, 14(3), 597. https://doi.org/10.3390/
land14030597

. Ser, J., & Yang, B. (2025). How GeoAl improves
tourist beach environments: Micro-scale UAV
detection and spatial analysis of marine debris.
Land, 14(7), 1349. https://doi.org/10.3390/
land14071349

. Sherman, Z., Sharma Dulal, S., Cho, J.-H.,
Zhang, M., & Kim, J. (2025). Generative Al for
geospatial analysis: Fine-tuning ChatGPT to
convert natural language into Python-based
geospatial computations. ISPRS International
Journal of Geo-Information, 14(8), 314. https:/
doi.org/10.3390/ijgi14080314

. Shi, M., Janowicz, K., Verstegen, J., Currier,
K., Wiedemann, N, Mai, G., .. Zhu, R.
(2025). Geography for Al sustainability and
sustainability for GeoAl. Cartography and
Geographic Information Science, 52(4),
331-349. https:/doi.org/10.1080/15230406.2
025.2479796

. Simmons, A. (2025, June 2). The GeoAl
revolution: Charting the 2030 geospatial
workforce landscape. Project Geospatial.
https:/projectgeospatial.org/geospatial-
frontiers/the-geoai-revolution-charting-the-
2030-geospatial-workforce-landscape

. Takami, J. (2024, November 11). Digital twin
solution for realistic sea level rise simulation.
Space4Water Portal. https://www.space4water.
org/news/digital-twin-solution-realistic-sea-
level-rise-simulation

. Tehrani, A. A, Veisi, 0., Fakhr, B. V., & Du, D.
(2024). Predicting solar radiation in the urban
area: A data-driven analysis for sustainable
city planning using artificial neural networking.
Sustainable Cities and Society, 100, 105042.
https://doi.org/10.1016/j.scs.2023.105042

w

D

[ee)

Y=

o

=

112. Toosi, A, Bottino, A. G., Saboury, B,, Siegel, E.,

& Rahmim, A. (2021). A brief history of Al: How
to prevent another winter (A critical review).
PET Clinics, 16(4), 449-469. https:/doi.
0rg/10.1016/j.cpet.2021.07.001

. UNDP (2025). Human development report

2025: Harnessing artificial intelligence for
inclusive human development. United Nations
Development Programme. https://hdr.undp.org/
content/human-development-report-2025

. United Nations Development Programme

(UNDP). (2025). lllegal dumpsite detection in
Guatemala: Technical paper. UNDP Istanbul
Regional Hub. https:/www.undp.org/policy-
centre/istanbul/publications/illegal-dumpsite-
detection-guatemala-findings-report

. United Nations Environment Programme

(UNEP). (2022, November 7). How artificial
intelligence is helping tackle environmental
challenges. UNEP https:/www.unep.org/news-
and-stories/story/how-artificial-intelligence-
helping-tackle-environmental-challenges

. United Nations Office for Disaster Risk

Reduction (UNDRR). (2025). Special report
on the use of technology for disaster risk
reduction. UNDRR. https://www.undrr.org/
publication/documents-and-publications/
special-report-use-technology-disaster-risk-
reduction

. UNESCO. (2024, October 24). Exploring the

impact of artificial intelligence and intangible
cultural heritage. UNESCO. https://ich.
unesco.org/en/news/exploring-the-impact-of-
artificial-intelligence-and-intangible-cultural-
heritage-13536

. UN-Habitat. (2018). International Guidelines

on Urban and Territorial Planning: Handbook
(HS/052/18E). Nairobi: United Nations Human
Settlements Programme https:/unhabitat.
org/sites/default/files/documents/2019-05/
international_guidelines_on_urban_and_
territorial_planning_-_handbook_.pdf

. UN-Habitat. (2022). Al & cities: Risks,

applications and governance. Nairobi: United
Nations Human Settlements Programme.
https:/unhabitat.org/ai-cities-risks-
applications-and-governance

. UN-Habitat. (2024). Global Assessment of

Responsible Artificial Intelligence in Cities:
Research and recommendations to leverage Al
for people-centred smart cities. Nairobi: United
Nations Human Settlements Programme
(HS/085/16E)

. UN-Habitat. (2024a). World smart cities outlook

2024. https://unhabitat.org/sites/default/
files/2024/12/un_smart_city_outlook. pdf

. UN-SPIDER. (2025). GeoAl Compendium: Best

practices and use cases in geospatial artificial
intelligence. United Nations Office for Quter
Space Affairs. Retrieved from https:/www.un-
spider.org/sites/default/files/UN-SPIDER%20
GeoAl%20Compendium.pdf

o

(o)

N

3. Trends and developments 4. GEOAI applications 5. Opportunities and benefits 6. Challenges and risks 7. Step-by-step guide Annex | Annex Il

123. VoPham, T, Hart, J. E., Laden, F, et al. (2018).

Emerging trends in geospatial artificial
intelligence (GeoAl): Potential applications for
environmental epidemiology. Environmental
Health, 17, 40. https://doi.org/10.1186/s12940-
018-0386-x

. Wang, S., Huang, X,, Liu, P, Zhang, M., Biljecki,

F,Hu, T, Fu, X, Liy, L., Liu, X, Wang, R., Huang,
Y, Yan, J., Jiang, J., Chukwu, M., Naghedi, S. R,,
Hemmati, M., Shao, Y., Jia, N, Xiao, Z,, ... Bao, S.
(2024). Mapping the landscape and roadmap
of geospatial artificial intelligence (GeoAl) in
quantitative human geography: An extensive
systematic review. International Journal of
Applied Earth Observation and Geoinformation,
128, 103734. https://doi.org/10.1016/j.
jag.2024.103734

. Wang, Z. (2025, May 30). Qingdao develops

advanced 3D “city map” to enhance smart
urban management. People’s Daily Online.
https://en.people.cn/n3/2025/0530/c98649-
20322033.html

. Xia, H, Liu, R., Li, L, & Zhang, Y. (2025). The

fundamental issues and development trends
of Al-driven transformations in urban transit
and urban space. Sustainable Cities and
Society, 91, 106422. https://doi.org/10.1016/j
5€s.2025.106422

. Yu, D, Rosenfeld, H., & Gupta, A. (2023, January

16). The ‘Al divide' between the Global North
and the Global South. World Economic Forum.
https://www.weforum.org/stories/2023/01/
davos23-ai-divide-global-north-global-south/

- Yigitcanlar, T. (2024). Artificial intelligence

and the local government: A five-decade
scientometric review. Cities. Advance online
publication. https:/doi.org/10.1016/].
cities.2024.3652

. Zhang, P, He, H., Wang, Y., & Yang, W. (2022). 3D

urban buildings extraction based on airborne
LiDAR and photogrammetric point cloud

fusion according to U-Net deep learning model
segmentation. IEEE Access, 10, 20889-20897.
https://doi.org/10.1109/ACCESS.2022.3152744

. Zhu, X. X,, Tuia, D., Moy, L, Xia, G.-S., Zhang, L.,

Xu, F, & Fraundorfer, F. (2017). Deep learning in
remote sensing: A comprehensive review and
list of resources. IEEE Geoscience and Remote
Sensing Magazine, 5(4), 8-36. https://doi.
org/10.1109/MGRS.2017.2762307

. Zhu, R. (2024). Geospatial Knowledge Graphs.

arXiv preprint arXiv:2405.07664.

. Zhou, C. (2025). Exploring future GIS visions

in the era of the scientific and technological
revolution. Geo-spatial Information Science
Advances, 1(1), 100007 https:/doi.
org/10.1016/j.gisa.2025.100007

. Zubair, T, Fatima, S. K., Ahmed, N., & Khan,

A. (2025). Crime hotspot prediction using
deep graph convolutional networks. arXiv
Preprint, arXiv:2506.13116. https:/arxiv.org/
abs/2506.13116

Al for Spatial Mapping and Analysis GeoAl Toolkit for Urban Planners 55

REEENES


https://doi.org/10.3389/fcomp.2024.1414923
https://doi.org/10.3389/fcomp.2024.1414923
https://doi.org/10.3389/fcomp.2024.1414923
https://www.analyticsvidhya.com/blog/2021/10/mlops-and-the-importance-of-data-drift-detection/
https://www.analyticsvidhya.com/blog/2021/10/mlops-and-the-importance-of-data-drift-detection/
https://www.analyticsvidhya.com/blog/2021/10/mlops-and-the-importance-of-data-drift-detection/
https://www.analyticsvidhya.com/blog/2021/10/mlops-and-the-importance-of-data-drift-detection/
https://logri.org/2025/04/building-local-government-capacity-for-property-tax-reform-in-kananga-drc/?utm_source=chatgpt.com
https://logri.org/2025/04/building-local-government-capacity-for-property-tax-reform-in-kananga-drc/?utm_source=chatgpt.com
https://logri.org/2025/04/building-local-government-capacity-for-property-tax-reform-in-kananga-drc/?utm_source=chatgpt.com
https://logri.org/2025/04/building-local-government-capacity-for-property-tax-reform-in-kananga-drc/?utm_source=chatgpt.com
https://logri.org/2025/04/building-local-government-capacity-for-property-tax-reform-in-kananga-drc/?utm_source=chatgpt.com
https://doi.org/10.3390/land14030597
https://doi.org/10.3390/land14030597
https://doi.org/10.3390/land14030597
https://doi.org/10.3390/land14071349
https://doi.org/10.3390/land14071349
https://doi.org/10.3390/land14071349
https://doi.org/10.3390/ijgi14080314
https://doi.org/10.3390/ijgi14080314
https://doi.org/10.3390/ijgi14080314
https://doi.org/10.1080/15230406.2025.2479796
https://doi.org/10.1080/15230406.2025.2479796
https://doi.org/10.1080/15230406.2025.2479796
https://projectgeospatial.org/geospatial-frontiers/the-geoai-revolution-charting-the-2030-geospatial-workforce-landscape
https://projectgeospatial.org/geospatial-frontiers/the-geoai-revolution-charting-the-2030-geospatial-workforce-landscape
https://projectgeospatial.org/geospatial-frontiers/the-geoai-revolution-charting-the-2030-geospatial-workforce-landscape
https://projectgeospatial.org/geospatial-frontiers/the-geoai-revolution-charting-the-2030-geospatial-workforce-landscape
https://www.space4water.org/news/digital-twin-solution-realistic-sea-level-rise-simulation
https://www.space4water.org/news/digital-twin-solution-realistic-sea-level-rise-simulation
https://www.space4water.org/news/digital-twin-solution-realistic-sea-level-rise-simulation
https://www.space4water.org/news/digital-twin-solution-realistic-sea-level-rise-simulation
https://doi.org/10.1016/j.scs.2023.105042
https://doi.org/10.1016/j.scs.2023.105042
https://doi.org/10.1016/j.cpet.2021.07.001
https://doi.org/10.1016/j.cpet.2021.07.001
https://doi.org/10.1016/j.cpet.2021.07.001
https://hdr.undp.org/content/human-development-report-2025
https://hdr.undp.org/content/human-development-report-2025
https://hdr.undp.org/content/human-development-report-2025
https://www.undp.org/policy-centre/istanbul/publications/illegal-dumpsite-detection-guatemala-findings-report
https://www.undp.org/policy-centre/istanbul/publications/illegal-dumpsite-detection-guatemala-findings-report
https://www.undp.org/policy-centre/istanbul/publications/illegal-dumpsite-detection-guatemala-findings-report
https://www.undp.org/policy-centre/istanbul/publications/illegal-dumpsite-detection-guatemala-findings-report
https://www.unep.org/news-and-stories/story/how-artificial-intelligence-helping-tackle-environmental-challenges
https://www.unep.org/news-and-stories/story/how-artificial-intelligence-helping-tackle-environmental-challenges
https://www.unep.org/news-and-stories/story/how-artificial-intelligence-helping-tackle-environmental-challenges
https://www.unep.org/news-and-stories/story/how-artificial-intelligence-helping-tackle-environmental-challenges
https://www.undrr.org/publication/documents-and-publications/special-report-use-technology-disaster-risk-reduction
https://www.undrr.org/publication/documents-and-publications/special-report-use-technology-disaster-risk-reduction
https://www.undrr.org/publication/documents-and-publications/special-report-use-technology-disaster-risk-reduction
https://www.undrr.org/publication/documents-and-publications/special-report-use-technology-disaster-risk-reduction
https://www.undrr.org/publication/documents-and-publications/special-report-use-technology-disaster-risk-reduction
https://ich.unesco.org/en/news/exploring-the-impact-of-artificial-intelligence-and-intangible-cultural-heritage-13536
https://ich.unesco.org/en/news/exploring-the-impact-of-artificial-intelligence-and-intangible-cultural-heritage-13536
https://ich.unesco.org/en/news/exploring-the-impact-of-artificial-intelligence-and-intangible-cultural-heritage-13536
https://ich.unesco.org/en/news/exploring-the-impact-of-artificial-intelligence-and-intangible-cultural-heritage-13536
https://ich.unesco.org/en/news/exploring-the-impact-of-artificial-intelligence-and-intangible-cultural-heritage-13536
https://unhabitat.org/ai-cities-risks-applications-and-governance
https://unhabitat.org/ai-cities-risks-applications-and-governance
https://unhabitat.org/ai-cities-risks-applications-and-governance
https://unhabitat.org/sites/default/files/2024/12/un_smart_city_outlook.pdf
https://unhabitat.org/sites/default/files/2024/12/un_smart_city_outlook.pdf
https://unhabitat.org/sites/default/files/2024/12/un_smart_city_outlook.pdf
https://www.un-spider.org/sites/default/files/UN-SPIDER%20GeoAI%20Compendium.pdf
https://www.un-spider.org/sites/default/files/UN-SPIDER%20GeoAI%20Compendium.pdf
https://www.un-spider.org/sites/default/files/UN-SPIDER%20GeoAI%20Compendium.pdf
https://www.un-spider.org/sites/default/files/UN-SPIDER%20GeoAI%20Compendium.pdf
https://doi.org/10.1186/s12940-018-0386-x
https://doi.org/10.1186/s12940-018-0386-x
https://doi.org/10.1186/s12940-018-0386-x
https://doi.org/10.1016/j.jag.2024.103734
https://doi.org/10.1016/j.jag.2024.103734
https://doi.org/10.1016/j.jag.2024.103734
https://en.people.cn/n3/2025/0530/c98649-20322033.html
https://en.people.cn/n3/2025/0530/c98649-20322033.html
https://en.people.cn/n3/2025/0530/c98649-20322033.html
https://doi.org/10.1016/j.scs.2025.106422
https://doi.org/10.1016/j.scs.2025.106422
https://doi.org/10.1016/j.scs.2025.106422
https://www.weforum.org/stories/2023/01/davos23-ai-divide-global-north-global-south/
https://www.weforum.org/stories/2023/01/davos23-ai-divide-global-north-global-south/
https://www.weforum.org/stories/2023/01/davos23-ai-divide-global-north-global-south/
https://doi.org/10.1109/ACCESS.2022.3152744
https://doi.org/10.1109/ACCESS.2022.3152744
https://doi.org/10.1109/MGRS.2017.2762307
https://doi.org/10.1109/MGRS.2017.2762307
https://doi.org/10.1109/MGRS.2017.2762307
https://arxiv.org/abs/2506.13116
https://arxiv.org/abs/2506.13116
https://arxiv.org/abs/2506.13116

www.unhabitat.org

A better quality of life for
all in an urbanizing world

N\~

%
UN-HABITAT

UNITED NATIONS HUMAN SETTLEMENTS PROGRAMME
P.0. Box 30030, Nairobi 00100, Kenya
unhabitat-info@un.org

www.unhabitat.org

O|W|© @UNHABITAT



	_heading=h.mfzex39xg7qv
	_heading=h.if9q4qfy55fe
	_heading=h.4xj32iqn4twz
	_heading=h.93qbtpzf3s8t
	_heading=h.vtcxqjkbhnj5
	_heading=h.2z71phr3wj0



