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Climate change requires rapid action

Impacts are felt globally

Disproportionally affects 
most vulnerable populations
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Limiting global warming to 1.5ºC:

● Requires net-zero CO2 emissions 
and deep cuts to other GHG 
emissions by 2050 (IPCC 2018)

Image source: Liu et al (2023)

Emissions are still increasing each year



💬 Type your answer in the Zoom chat

What is one example approach for 
addressing climate change?
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Feel free to choose an example that is especially 
relevant to your country or local context.
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What it means to tackle climate change

Mitigation                             Actions that reduce the rate of climate change CO2
CH4

N   O2  To reduce or prevent greenhouse gas emissions
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Path towards limiting global warming to 1.5ºC?

Source: factsonclimate.org/emission-pathways-paris



Mitigation: Reducing/preventing GHG emissions

Figure data based on IPCC AR6 WG3 Report (2022). Percentages shown do 
not add to exactly 100% due to rounding to two significant figures. 7

Climate change mitigation sectors

Sectors
Energy supply
Transportation
Buildings
Industry
Agriculture
Forestry
Other land use
CO2 removal

Energy-related 
emissions

Land use 
(AFOLU) 
emissionsNegative 
emissions



Climate change is not an on/off switch, but reaching 
tipping points may have irreversible consequences 
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What it means to tackle climate change

Mitigation                             Actions that reduce the rate of climate change

                              Actions that respond to a changing climateAdaptation

CO2
CH4

N   O2  To reduce or prevent greenhouse gas emissions

To prepare for and adjust to both the current effects of 
climate change and the predicted impacts in the future

                              Actions that improve understanding of climate changeScience



Climate impacts

● Rising temperatures

● Changing precipitation patterns

● Rising sea levels

● Ocean acidification

Downstream effects

● Droughts and heatwaves

● More intense storms and flooding

● More frequent wildfires

● Loss of ecosystem services

● Biodiversity loss

● Spread of disease vectors and pests

Figure adapted from Kris Sankaran
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Climate impacts and downstream effects



Adaptation: Responding to the effects of a changing climate
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Climate change adaptation



Adaptation: Responding to the effects of a changing climate

1. Measuring and predicting risks
‣ Risk: Impact x probability

Figure source: IPCC AR6 Summary for Policymakers (2021)
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Climate change adaptation



Adaptation: Responding to the effects of a changing climate

1. Measuring and predicting risks
‣ Risk: Impact x probability

2. Strengthening adaptive capacity
‣ Robustness: Withstand a range of 

outcomes with no/minimal impact
‣ Resilience: Recover quickly after 

impact

Human & ecological systems

Connections with UN SDGs

Figure source (bottom): United Nations
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Climate change adaptation



Climate change is not an on/off switch, but reaching 
tipping points may have irreversible consequences 
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What it means to tackle climate change

Mitigation                             Actions that reduce the rate of climate change

                              Actions that respond to a changing climateAdaptation

CO2
CH4

N   O2  To reduce or prevent greenhouse gas emissions

To prepare for and adjust to both the current effects of 
climate change and the predicted impacts in the future

                              Actions that improve understanding of climate changeScience
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What it means to ensure socially just climate futures

Climate justice

Beyond environmental impacts, social, ethical and political issues 
are also at play, requiring placing equity and human rights at the 
center of climate action

                              Actions promoting an equity-centered approach to climate action

Co-benefits

Consider explicit linkages between climate action and 
other UN Sustainable Development Goals (SDGs)

                              Actions aligned with human development and economic prosperity

Image source: Leal Filho et al. (2023)
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Foundation Lecture: 
Introduction to Climate Change

Friday, July 24 (14:00-16:00 UTC)

Tutorial: Simulating Climate 
Futures in En-ROADS

Asynchronous
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Artificial intelligence (AI): Any algorithm that allows a machine to perform a 
complex task (e.g., tasks associated with human intelligence)

Rule-based systems:
Techniques that automatically 

reason over an explicit set of rules

Machine learning (ML):
Techniques that automatically 

extract patterns from data

What is AI?
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What is an ML Model?

The model consists of parameters and a structure 
that together transform inputs into outputs

The “learning” part means these parameters 
get adjusted through training to produce a 
“learned model” that can achieve a task
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💬 Type your answer in the Zoom chat

What’s one example of an                
machine learning model/approach?
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Ways to classify machine learning algorithms

1. What kind of data?

● images (computer vision)
● text (natural language processing)
● sequences (time series analysis)
● …. many more possibilities / subtypes for data
● multiple data types together  (multimodal learning)

2. What kind of problem?

● classification
● prediction
● clustering
● optimization
● control
● generation / simulation
● …3. What kind of model?

● neural networks = deep learning
● Bayesian methods
● decision trees
● support vector machines
● …
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Ways to classify machine learning algorithms

1. What kind of data?

● images (computer vision)
● text (natural language processing)
● sequences (time series analysis)
● …. many more possibilities / subtypes for data
● multiple data types together  (multimodal learning)

2. What kind of problem?

● classification
● prediction
● clustering
● optimization
● control
● generation / simulation
● …3. What kind of model?

● neural networks = deep learning
● Bayesian methods
● decision trees
● support vector machines
● …

 

Example:

Residual Network (ResNet)
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Ways to classify machine learning algorithms

1. What kind of data?

● images (computer vision)
● text (natural language processing)
● sequences (time series analysis)
● ….many more possibilities / subtypes for data
● multiple data types together (multimodal learning)

2. What kind of problem?

● classification
● prediction
● clustering
● optimization
● control
● generation / simulation
● …3. What kind of model?

● neural networks = deep learning
● Bayesian methods
● decision trees
● support vector machines
● …

 

Example:

Diffusion model
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Ways to classify machine learning algorithms

1. What kind of data?

● images (computer vision)
● text (natural language processing)
● sequences (time series analysis)
● …. many more possibilities / subtypes for data
● multiple data types together  (multimodal learning)

2. What kind of problem?

● classification
● prediction
● clustering
● optimization
● control
● generation / simulation
● …3. What kind of model?

● Neural networks = deep learning
● Bayesian methods
● Decision trees
● Support vector machines
● …

 

Example:

Random forest

23
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Foundation Lecture: 
Introduction to AI
Thursday, July 23 (14:00-16:00 UTC)

Tutorial: Introduction to AI - 
Predicting Tsunami Alerts from 
Earthquake Observations
Asynchronous, with walkthrough video
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Climate Change AI Report
Tackling Climate Change 

with Machine Learning 
(2019)

AI technology can enable strategies to accelerate climate action when applied 
responsibly in partnership with relevant stakeholders. 
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Opportunities in AI-for-climate applications
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Opportunities in AI-for-climate applications
Gathering information
flooding, deforestation, infrastructure, crops, biodiversity

Source:  Climate TRACE
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Opportunities in AI-for-climate applications
Gathering information
flooding, deforestation, infrastructure, crops, biodiversity

Forecasting
renewable energy, transportation demand, extreme events

Source:  African Farming
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Opportunities in AI-for-climate applications
Gathering information
flooding, deforestation, infrastructure, crops, biodiversity

Forecasting
renewable energy, transportation demand, extreme events

Optimizing complex systems
power and energy, heating and cooling, freight, food waste

Source:  Gigaton
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Opportunities in AI-for-climate applications
Gathering information
flooding, deforestation, infrastructure, crops, biodiversity

Forecasting
renewable energy, transportation demand, extreme events

Optimizing complex systems
power and energy, heating and cooling, freight, food waste

Predictive maintenance
methane leaks, resilient infrastructure

Source:  East Japan Railway Company
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Opportunities in AI-for-climate applications
Gathering information
flooding, deforestation, infrastructure, crops, biodiversity

Forecasting
renewable energy, transportation demand, extreme events

Optimizing complex systems
power and energy, heating and cooling, freight, food waste

Predictive maintenance
methane leaks, resilient infrastructure

Accelerating scientific experimentation
batteries, electrofuels, catalysts, carbon capture

Source:  Prelesnik et al. 2026
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Opportunities in AI-for-climate applications
Gathering information
flooding, deforestation, infrastructure, crops, biodiversity

Forecasting
renewable energy, transportation demand, extreme events

Optimizing complex systems
power and energy, heating and cooling, freight, food waste

Predictive maintenance
methane leaks, resilient infrastructure

Accelerating scientific experimentation
batteries, electrofuels, catalysts, carbon capture

Approximating time-intensive simulations
climate, energy, city planning

Source:  ECMWF / Destination Earth



Gathering information
flooding, deforestation, infrastructure, crops, biodiversity

Forecasting
renewable energy, transportation demand, extreme events

Optimizing complex systems
power and energy, heating and cooling, freight, food waste

Predictive maintenance
methane leaks, resilient infrastructure

Accelerating scientific experimentation
batteries, electrofuels, catalysts, carbon capture

Approximating time-intensive simulations
climate, energy, city planning
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Data management
data matching, collation, fusion, augmentation

Opportunities in AI-for-climate applications

Source:  Catalyst Cooperative / 
Public Utility Data Liberation Project



Gathering information
flooding, deforestation, infrastructure, crops, biodiversity

Forecasting
renewable energy, transportation demand, extreme events

Optimizing complex systems
power and energy, heating and cooling, freight, food waste

Predictive maintenance
methane leaks, resilient infrastructure

Accelerating scientific experimentation
batteries, electrofuels, catalysts, carbon capture

Approximating time-intensive simulations
climate, energy, city planning
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Data management
data matching, collation, fusion, augmentation

Opportunities in AI-for-climate applications



What are we aiming to illustrate here?

Diversity of

● Relevant sectors / problems
● Locations / geographical contexts
● Types of AI
● Kinds of organizations involved

There isn’t one (or even 100) “best” applications of AI for climate

Valuable projects are often quite specific

Often far from the AI (and climate) projects in the news

40



Ways that the AI-for-climate space has advanced

Innovations in ML methods (e.g., diffusion models) relevant to certain applications 
(e.g., climate science)

Maturation of application-driven areas of ML (e.g. physics-informed ML)

Many projects have advanced beyond proof of concept (e.g. geospatial tools)

Uptick in interdisciplinary subcommunities with AI expertise (e.g. energy, ecology)
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Ways that the discourse has changed in last few years

Climate change now perceived as flagship area of “AI for Good” alongside health

High visibility of AI - increased interest (for better and for worse)

Public attention on large generative models (e.g. ChatGPT), conflation with other AI

Vast growth in energy use and data centers due to large generative models

Above trends have led to perception that AI innovation is about centralization

“Democratization” of AI often used to refer to more users, instead of more “shapers”

42
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💬 Type your answer in the Zoom chat

What is one organization you’re aware of that is 
exploring or creating AI-for climate solutions?

44

Feel free to mention in a couple words what 
problem they are trying to address.
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5-minute break
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ML-for-climate: Pathway to impact

Dataset/
Simulator ML

Other tools

Domain 
identification

Project 
scoping Development Analysis Deployment Downstream 

effects

Dataset/
Environment ML

Other tools



Domain 
identification

Project 
scoping Development Analysis Deployment Downstream 

effects
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Who are the relevant stakeholders who are involved in or 
affected by the application? 

What is the scope of impact?

What is the time horizon of impact?

ML-for-climate: Pathway to impact



Dataset/
Simulator ML

Other tools

Domain 
identification

Project 
scoping Development Analysis Deployment Downstream 

effects

48

Is AI/ML suitable and needed to address the problem?

What is the likelihood that a solution can be found?

ML-for-climate: Pathway to impact



ML-for-climate: Pathway to impact

Dataset/
Simulator ML

Other tools

Domain 
identification

Project 
scoping Development Analysis Deployment Downstream 

effects
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Can a solution feasibly be deployed?

What are the potential side effects of deploying the candidate solution?

Dataset/
Simulator ML

Other tools



Data: Collection, annotation, collation, inference, and/or licensing 
● Note: “Data” can mean different things to different communities
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Simulators: Needed for innovations in physical domains 
● E.g., power systems, transport, buildings, heavy industry

Evaluation metrics: Need agreement and iteration from ML researchers, 
domain researchers, deployers, and other affected stakeholders

Resources and venues
● CCAI Dataset Wishlist (https://www.climatechange.ai/dev/datagaps)
● Lacuna Fund funding for climate datasets
● NeurIPS Datasets and Benchmarks track

New applications require new specialized infrastructure

https://www.climatechange.ai/dev/datagaps


High-impact ML applications are not always flashy

Domain knowledge and experience is essential for deployable technologies

Interdisciplinary collaboration
● Scoping the right problems
● Incorporating relevant domain information
● Shaping pathways to impact

Equity considerations
● Empowering diverse stakeholders
● Selecting and prioritizing problems
● Ensuring data is representative

51

Who is involved in developing ML is critical



Avoiding techno-solutionism
● AI is not a silver bullet
● Where it’s applicable, only one part of the strategy

Mitigating biases in data and models
● E.g., Buildings data: Housing discrimination, uneven availability across geographies
● E.g., Weather models: Calibration may be optimized for particular regions

Improving trustworthiness and accountability
● Safety and robustness: Critical in, e.g., power systems and industrial operations
● Interpretability and auditability: Critical in, e.g., policymaking contexts

Centering equity and climate justice
● Centering diverse stakeholders: E.g., industrial agriculture vs. smallholder farmers
● Avoiding centralization of power: Democratized access to capacity and compute
● Avoiding digital colonialism: E.g., smart meters, analysis of remote sensing data

Developing AI with responsible, impact-driven and equity-centered approaches

52



Consider the full pathway to impact, including
▸ Data, simulators, metrics
▸ Responsible AI & climate considerations
▸ Stakeholder engagement

53

Impactful AI-for-climate needs a sociotechnical approach

Dataset/
Simulator ML

Other tools

Domain 
identification

Project 
scoping Development Analysis Deployment Downstream 

effects

Dataset/
Environment ML

Other tools



Systemic & geopolitical impacts of AI 
trajectories (choices around investments, 
extraction & supply chains, capacity-building, etc.)

Choice of projects (where AI is used, who 
actually gets to benefit from AI projects)

Project-level considerations 
(how to actualize a project)

Responsible & ethical AI requires a holistic perspective
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Multifaceted relationship between AI and climate

AI applications 
with uncertain or 

systemic impacts

Impacts from AI 
computation and 

hardware

AI applications that 
increase emissions

AI applications 
for climate action

55





Lecture outline

What AI and machine learning (ML) framing

How Considerations for development and deployment

Why Climate change and climate action framing

Which Machine learning approaches for climate problems

How Best practices spotlight: approaches, resources & tools

What WhTechnological roles of AI for climate action

 

57



58



59

See: David Rolnick, Alan Aspuru-Guzik, Sara Beery, Bistra Dilkina, Priya L. Donti, Marzyeh Ghassemi, Hannah Kerner et al. "Position: 
Application-Driven Innovation in Machine Learning." International Conference on Learning Representations (2024).

Climate challenges can drive climate technology innovation
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See: David Rolnick, Alan Aspuru-Guzik, Sara Beery, Bistra Dilkina, Priya L. Donti, Marzyeh Ghassemi, Hannah Kerner et al. "Position: 
Application-Driven Innovation in Machine Learning." International Conference on Learning Representations (2024).

Standard ML methods prone to fail in “non standard” settings   

Top-down 
approach

Frontier AI methods applied to 
climate change problems

Data insufficient for ML
Challenge / Task mismatch

Failures usually consequential

Methods for large-scale 
computation applied to 

different contexts
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See: David Rolnick, Alan Aspuru-Guzik, Sara Beery, Bistra Dilkina, Priya L. Donti, Marzyeh Ghassemi, Hannah Kerner et al. "Position: 
Application-Driven Innovation in Machine Learning." International Conference on Learning Representations (2024).

Climate challenges must drive climate technology innovation

Bottom-up 
approach

Climate applications shape 
AI-for-climate innovation

methods designed for 
real-world impact

datasets
task framing

criteria for success
constraints / metadata

Example requirements for ML methods:
● Power grid optimization: Satisfy 

engineering constraints
● Weather forecasting: Handle scarce data, 

depending on the region
● Drone-based wildfire detection: Run 

efficiently on low-power devices



62

Dominant ML paradigm (e.g.)

Big data

Big compute

Computation is not a limit

Data is all you need

Performance = average accuracy*

AI-for-climate domains (e.g.)

Less data; data hard to move

Less compute; edge devices; 
reducing energy/emissions

Useful knowledge in task/domain

Diverse settings require diverse approaches

See also: Birhane, Abeba, et al. "The values encoded in machine learning research." ACM Conference on Fairness, Accountability, and 
Transparency. 2022. 

Diverse set of metrics
(e.g., group-weighted accuracy, safety, 
robustness, privacy, interpretability, 
explainability, uncertainty quantification, …)



What is one “non-standard” requirement 
an AI/ML system would need to meet to 
actually be useful for your application?

63

Think about a climate application in your local context.

Consider aspects such as data, performance metrics, 
constraints, and alignment with existing knowledge.

💬 Type your answer in the Zoom chat



Gathering information
flooding, deforestation, infrastructure, crops, biodiversity

Forecasting
renewable energy, transportation demand, extreme events

Optimizing complex systems
power and energy, heating and cooling, freight, food waste

Predictive maintenance
methane leaks, resilient infrastructure

Accelerating scientific experimentation
batteries, electrofuels, catalysts, carbon capture

Approximating time-intensive simulations
climate, energy, city planning

64

Data management
data matching, collation, fusion, augmentation

Opportunities in AI-for-climate applications
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See also: Priya L. Donti, David Rolnick, Lynn H. Kaack, “Climate Change and ML: Opportunities, Challenges, and Considerations,” ICML 2022 tutorial.

Climate prediction Electricity systems Buildings & cities

Transportation Industry Land use (agriculture)

Earth, atmospheric, oceanic modeling
Power system optimization & control

Aerodynamic efficiency modeling
Design of low-materials structures

Precision agriculture

Urban environmental simulationsWind farm optimization

Battery and alternative fuel R&D
Equipment control & demand response Cleaner ammonia production

Building heating & cooling control

Methodological frontiers with climate relevance
Physics-informed ML

Safe and robust ML
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Physics-informed ML

Safe and robust ML

Interpretable ML

Uncertainty quantification

Policy-making on international, 
national, and local levels

Planning and 
operation of critical 

infrastructure

Early warning and 
emergency response

Monitoring, reporting, and verification of 
emissions and climate change effects

Scientific understanding and 
predictions of climate change

Innovation and technology 
assessment

See also: Priya L. Donti, David Rolnick, Lynn H. Kaack, “Climate Change and ML: Opportunities, Challenges, and Considerations,” ICML 2022 tutorial.

Methodological frontiers with climate relevance



67

Physics-informed ML

Safe and robust ML

Interpretable ML

Uncertainty quantification

Generalization 
(spatio-temporal, concept drift, limited data)

G. Tseng, et al., "CropHarvest: A 
global dataset for crop-type 
classification," NeurIPS 2021 
Datasets and Benchmarks Track.

G. Van Horn et al., "The 
iNaturalist species 
classification and detection 
dataset," CVPR 2018.

See also: Priya L. Donti, David Rolnick, Lynn H. Kaack, “Climate Change and ML: Opportunities, Challenges, and Considerations,” ICML 2022 tutorial.

Methodological frontiers with climate relevance
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Physics-informed ML

Safe and robust ML

Interpretable ML

Uncertainty quantification

Generalization 
(spatio-temporal, concept drift, limited data)

Causality

A. Jesson et al., "Using non-linear causal models to study 
aerosol-cloud interactions in the southeast Pacific," Tackling Climate 
Change with Machine Learning workshop at NeurIPS 2021.

See also: Priya L. Donti, David Rolnick, Lynn H. Kaack, “Climate Change and ML: Opportunities, Challenges, and Considerations,” ICML 2022 tutorial.

Methodological frontiers with climate relevance
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Physics-informed ML

Safe and robust ML

Interpretable ML

Uncertainty quantification

Generalization 
(spatio-temporal, concept drift, limited data)

Causality

Energy efficient ML & TinyML

AutoML

Tu, Renbo, et al. "AutoML for climate change: A call to action."  Tackling 
Climate Change with Machine Learning workshop at NeurIPS 2022.

See also: Priya L. Donti, David Rolnick, Lynn H. Kaack, “Climate Change and ML: Opportunities, Challenges, and Considerations,” ICML 2022 tutorial.

AI applications 
with uncertain or 

systemic 
impacts

Impacts from AI 
computation 

and 
hardware

AI applications 
for climate 

action

Methodological frontiers with climate relevance



Shared challenges still differ across contexts

Adversarial robustness [ML]: Robustness to 
perturbations of inputs

Adversarial robustness figure source: Goodfellow, I. J., Shlens, J., & Szegedy, C. (2015). Explaining and harnessing adversarial examples. ICLR.
Safe RL figure source: Garcıa, J., & Fernández, F. (2015). A comprehensive survey on safe reinforcement learning. JMLR, 16(1), 1437-1480. 70

Safe reinforcement learning [ML]: Avoid error states or 
catastrophic scenarios

Robust control [e.g., power systems, buildings]: Bring 
system to an equilibrium (e.g., Lyapunov stability)

Physical feasibility [e.g., power systems, climate science]: 
Ensure satisfaction of physical equations

Example: Different notions of safety and robustness
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See: David Rolnick, Alan Aspuru-Guzik, Sara Beery, Bistra Dilkina, Priya L. Donti, Marzyeh Ghassemi, Hannah Kerner et al. "Position: 
Application-Driven Innovation in Machine Learning." International Conference on Learning Representations (2024).

Takeaway: AI innovation must be shaped by the needs of climate problems

methods designed for 
real-world impact

datasets
task framing

criteria for success
constraints / metadata
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Representing AI holistically: benefits, harms and impacts

Source: Better Images of AI
Source: Diaz & Google DeepMind , AI for Biodiversity Source: Hanna Barakat, Rare Metals 2

Source: Getty Images Source: Shutterstock.com

https://blog.betterimagesofai.org/better-images-of-ai-guide/
https://blog.betterimagesofai.org/better-images-of-ai-guide/
https://betterimagesofai.org/images?artist=NidiaDias&title=AIforBiodiversity
https://betterimagesofai.org/ImagesAI/rare-metals-2_hanna-barakat-aixdesign_archival-images-of-ai_3328x2312.png?nf_resize=fit&w=1080&q=75
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Understand what types of climate data are relevant for 
concrete AI-for-climate applications 

Source: Climate Change AI



Obtainability

75

Wish

Reliability

Usability

Wish
Dataset does not exist

Reliability
Data quality or integrity needs improvement

Obtainability
Data is not easily obtainable 
(e.g., is not findable or accessible)

Sufficiency
Data is insufficient, requiring additional 
data collection and/or simulation

Usability
Data is not readily usable 
(by people and/or machines)

Miscellaneous
Additional challenges, including challenges 
that arise from the use of multiple datasets

Sufficiency

Assessing what data to use and its limitations

Source: Climate Change AI Data Gaps

https://www.climatechange.ai/dev/datagaps


Model cards

Model cards are a standardized way of 
providing information about models, 
including the way they were trained and 
evaluated.

Source: HuggingFace 
Model Cards Writing Tool
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Datasheets for datasets

Collection Process Preprocessing, Cleaning, labelling

CompositionMotivation

Uses Distribution Maintenance

Dataset documentation framework that 
allows dataset creators to reflect on 
important data lifecycle questions.

● Guide dataset creators and consumers to 
evaluate datasets in a structured manner

● Improve transparency and accountability

● Help selection process in future usage

● Enable greater reproducibility and 
comparison of results

Fostering open development and reproducibility

Source: Gebru et al. (2021), Datasheets for Datasets

Often include
● Intended uses (and 

out-of-scope uses)
● Evaluation metrics
● Training data (including 

processing techniques)
● Ethical considerations 

Source: Mitchell et al. (2018) Model Cards for Model Reporting

https://huggingface.co/spaces/huggingface/Model_Cards_Writing_Tool
https://huggingface.co/spaces/huggingface/Model_Cards_Writing_Tool
https://dl.acm.org/doi/10.1145/3458723
https://dl.acm.org/doi/10.1145/3287560.3287596
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Evaluating carbon footprint estimation

Source: Lannelongue and Inouye (2023), 
Carbon footprint estimation for computational research

On-line estimation of carbon footprint

Tools such as ML CO2 Impact, CodeCarbon, Carbontracker, or 
tools specifically from cloud providers allow you to estimate 
the carbon footprint during training and inference runs by 
considering the hardware, runtime, and cloud provider on 
which the experiments were executed.

Off-line estimation of carbon footprint based on your setup

The Green Algorithms calculator, allows you to estimate the 
carbon footprint before model training and inference based 
on your hardware and carbon intensity of electricity usage in 
the location where the computation will take place.

Enables you to report the carbon footprint of you ML models

Allows you to compare setups ahead of experimentation 
or spending resources on hardware and/or compute.

https://www.green-algorithms.org/assets/publications/2023_Comment_NRPM.pdf
https://mlco2.github.io/impact/
https://codecarbon.io
https://github.com/lfwa/carbontracker
https://calculator.green-algorithms.org/ai


Entry points and paths forward

GeoAI-Africa (from 2024)

AfriClimate AI (from 2024)

Computational Sustainability Network (from 2008)

Climate Informatics (from 2011)

Climate Change AI (from 2019)

Work on Climate (from 2020)

Digital Futures Lab initiative 
AI + Climate Futures Asia (from 2023) 
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Regional AI initiatives, e.g. Data Science Africa, the 
Deep Learning Indaba, KHIPU, and Affinity Groups  

Climate AI Nordics (from 2024)

ESCS Community (from 2025)
Environmentally Sustainable Computational Science 



What are the kinds of resources that 
will help you move forward?

79

Think about how you would like to engage 
in the AI-for-climate space.

💬 Type your answer in the Zoom chat

Consider the domain you are working on, the communities of practice you want to 
engage with (within or outside you main domain), the types of content you want 

to read (research, policy, educational), tools that you will need to practice?
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CCAI Virtual Summer School 2026 Materials & Access

Slides, readings, quiz questions, and the lecture recording will be posted 
in the LearnWorlds platform

��

🌐 You can use the Community Platform to ask further questions about this 
lecture and all other content, as well as to engage with other participants

We hope you have an enriching, engaging, and fruitful 
Climate Change AI Virtual Summer School 2026!

Feedback forms for each lecture & tutorial will be available in 
LearnWorlds. We’ll also show a quick feedback form in Zoom that you can 
fill out before you leave the Zoom webinar.

��
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Questions?


