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Abstract 

As artificial intelligence (AI) becomes increasingly central to climate adaptation governance, 
a troubling paradox emerges: the very tools intended to enhance resilience may also deepen 
global inequalities. AI-driven climate data systems, ranging from predictive flood models and 
vulnerability indices to remote sensing platforms, are largely designed, funded and governed 
by institutions in the global North. These systems frequently impose standardised, top-down 
representations of risk that marginalise the lived knowledge, cultural practices and contextual 
needs of communities in the global South. This working paper argues that such developments 
reflect a new form of epistemic colonialism, whereby the power to define climate 
vulnerability and adaptation priorities is abstracted from the people most affected. Without 
mechanisms for local participation, ethical oversight and knowledge pluralism, ‘smart’ 
adaptation threatens to replicate historical patterns of exclusion, under the guise of 
innovation. To ensure that AI serves as a tool for justice, not dispossession, we call for a 
paradigm shift in climate governance. Key recommendations include: (1) strengthening data 
sovereignty by investing in local AI infrastructure and training; (2) enabling participatory AI 
design grounded in community knowledge systems; and (3) promoting epistemic pluralism 
that values indigenous, informal and experiential knowledges as critical to climate resilience. 
 
 

 
1. Introduction: Climate Tech in a Postcolonial World 

In the age of planetary crisis, digital technologies, particularly artificial intelligence (AI), have 
become central to how the world understands, predicts and responds to climate risks. From 
Earth observation satellites and AI-generated hazard maps to machine-learning vulnerability 
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indices and predictive adaptation modelling, these tools are increasingly shaping policy 
decisions across the global South. Yet, while these systems promise precision and neutrality, 
they often carry with them hidden colonial residues, reinforcing global asymmetries in 
knowledge production, technological control and adaptation governance. 
 
At the heart of this critique is the emerging concept of data colonialism (Couldry and Mejias, 
2019), which argues that the contemporary extraction and deployment of data, much like 
historical colonialism, enables a few powerful actors to appropriate value from the many, 
often without meaningful consent, representation or reciprocity. Climate data infrastructures 
developed in the global North, including AI tools for flood prediction, climate vulnerability 
assessments and urban heat mapping, frequently rely on datasets, classification systems and 
epistemological frameworks that are external to, and sometimes incompatible with, the lived 
realities of Southern communities (Birhane, 2020; Sultana, 2022). 
 
This problem is particularly acute in climate adaptation, where AI-powered systems 
increasingly influence where resources are allocated, which communities are labelled ‘at-risk’ 
and what forms of resilience are deemed legitimate. Yet these tools often exclude, simplify or 
distort ecologies that are shaped by indigenous knowledge, informal urbanism and relational 
cosmologies (Jasanoff, 2004). As a result, AI can inadvertently reproduce epistemic injustice 
(Fricker, 2017) by privileging abstract, quantifiable knowledge while silencing local voices and 
practices. 
 
Thus, what is being framed as a climate tech revolution is, in many Southern contexts, a 
continuation of extractive and exclusionary logics, what can be called a ‘new colonialism of 
climate data’. Without confronting these dynamics, climate-smart futures may entrench old 
inequalities beneath a veneer of technological sophistication. 
 

2. The Rise of AI-Driven Climate Governance 
In recent years, artificial intelligence has become deeply embedded in the global climate 
governance landscape, driving innovation in climate modelling, risk prediction and decision-
making systems. Sophisticated AI applications now underpin a vast array of tools, from 
remote sensing via satellite imagery and Earth observation platforms to machine-learning 
algorithms used for smart flood warning systems, heat stress detection and predictive 
simulations of climate-induced hazards. AI also powers global indices such as the Notre Dame 
Global Adaptation Index (ND-GAIN) and INFORM Risk Index, which are increasingly used to 
guide adaptation finance, vulnerability targeting, and policy prioritisation (Vincent and 
Cundill, 2022). 
 
These tools are often portrayed as neutral, objective and scientifically robust. Yet, they are 
largely developed and controlled by a small constellation of powerful institutions and 
corporate actors, including the Intergovernmental Panel on Climate Change (IPCC), United 
Nations Framework Convention on Climate Change (UNFCCC), World Meteorological 
Organization (WMO) and financial actors like the World Bank. Technology giants such as 
Google (Earth Engine), IBM (Green Horizons) and Microsoft (AI for Earth) also play outsized 
roles in building, funding and disseminating climate AI tools. As such, the development of 
climate governance technologies is increasingly shaped by Northern epistemologies, 
infrastructures and capital logics (Gabrys, 2016). 
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This concentration of design and decision-making power reflects, and reinforces, geopolitical 
asymmetries in ownership, access and influence. Most AI tools are trained on datasets 
generated in, or dominated by, global North contexts, often using proxies and assumptions 
that fail to capture the environmental, social and infrastructural complexities of Southern 
ecologies (Birhane, 2020; Sultana, 2022). Moreover, access to these technologies, both in 
terms of technical capacity and institutional authority, is often limited for global South actors, 
meaning that local scientists, urban planners and communities must rely on external 
interpretations of their own risk landscapes (Mol, 2008). 
 
This dynamic exacerbates what Jasanoff (2004) calls the ‘co-production’ of knowledge and 
order: the notion that climate futures are being shaped not just by facts but by the social, 
political and technical systems that define whose knowledge counts. As AI-driven systems 
become increasingly central to adaptation planning and resource allocation, the danger is that 
‘climate-smart’ governance becomes climate-extractive, reproducing historical hierarchies in 
new algorithmic forms. Table 1 summarises  power asymmetries in Global Climate AI 
Governance. 
 
Table 1: Power Asymmetries in Global Climate AI Governance 

Dimension Global North Global South 

Data Ownership Cloud platforms (Google, 
Amazon, Microsoft) 

Limited infrastructure; dependence on 
external storage 

AI Tool Development IPCC, World Bank, tech 
companies 

Minimal role in design; mainly data 
providers 

Epistemic Influence Metric-based, technocratic 
paradigms 

Informal, indigenous, or experiential 
knowledge excluded 

Resource Allocation 
Control 

Climate finance donors, MDBs Recipients with little say in metric 
construction 

Model Validation Done via external metrics (e.g. 
ND-GAIN, INFORM) 

Lacks ground-truthing or community 
co-production 

 

3. The Problem: Data Colonialism and Epistemic Injustice in the Global 

South 

While artificial intelligence offers powerful tools for climate adaptation, it often does so by 

abstracting complexity, flattening difference and universalising risk. Most climate AI systems 

operate through standardised metrics and large-scale datasets that ignore or marginalise 

place-based knowledge, contextual vernaculars and lived experiences specific to the global 

South (Birhane, 2020; Vincent and Cundill, 2022). These systems translate dynamic human-

environment relationships into discrete indices, such as ‘flood risk scores’ or ‘climate 

vulnerability rankings’, which may appear objective, but often reflect epistemologies alien to 

the communities they claim to represent. 

 

This is part of what can be termed the ‘tyranny of metrics’ – the pursuit of numerical 

objectivity that displaces situated forms of reasoning, experience and legitimacy. As a result, 

high-resolution satellite maps and predictive risk algorithms, produced by institutions often 

distant from the sites they target, are frequently imposed onto informal settlements without 
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ground-truthing, local validation or participatory engagement. In places like Cape Town’s 

flood-prone informal settlements, for instance, AI tools may delineate risk zones or 

recommend interventions based on hydrological data, but fail to account for the embodied 

practices of survival, the informal drainage innovations or the spiritual and cultural logics that 

organise everyday life (Udo et al., 2024; Ziervogel et al., 2017). Table 2 illustrates some of the 

epistemic gaps in Climate AI. 

 

Table 2: What Gets Counted, What Gets Missed – Epistemic Gaps in Climate AI 

What AI Systems Capture What They Often Miss 

Rainfall, temperature, 

topography 

Flood pathways shaped by garbage, sandbags or spiritual 

boundaries 

Satellite imagery of terrain Social organisation, informal governance, local risk perceptions 

Formal infrastructure 

vulnerability 

Adaptive infrastructures (e.g. raised floors, trenching by 

residents) 

Disaster frequency Everyday slow-onset stressors (e.g. damp homes, mould, 

waterlogging) 

Formal administrative 

boundaries 

Customary land use, sacred areas, invisible community borders 

 

The erasure of situated knowledges is not just technical; it is epistemic. As Miranda Fricker 

(2017) explains through the concept of epistemic injustice, marginalised communities are 

often denied recognition as credible knowers – whether by being excluded from knowledge 

production (hermeneutical injustice) or by having their accounts disbelieved (testimonial 

injustice). Similarly, Abeba Birhane (2020) warns that algorithmic systems can encode harm 

through abstraction, creating models that obscure social, political and historical contexts 

while claiming neutrality. 

 

The result is a profound mismatch between what climate AI systems ‘see’ and what local 

communities live. This gap not only undermines the effectiveness of adaptation policies, but 

also entrenches structural inequalities, as those who know most about their vulnerabilities 

are systematically excluded from shaping their futures. In this sense, data colonialism is not 

just about extraction, it is also about epistemic dispossession, where the authority to interpret 

risk, define adaptation and allocate resources is concentrated in the hands of distant 

algorithmic systems and institutions. 

 

4. Case Study: Cape Town’s Informal Settlements and AI Flood Tools 

Cape Town’s informal settlements offer a compelling case of how AI-driven flood prediction 

tools, if uncritically applied, can misrepresent risk and reproduce exclusion in contexts shaped 

by layered histories of inequality and marginality (See Box 1). In settlements such as Sweet 

Home Farm, Kosovo, Flamingo Crescent, Siyahlala, BM Section (Khayelitsha), Green Point 

(Khayelitsha), QQ Section (Khayelitsha), RR Section (Khayelitsha), Zwezwe, Phola Park, 

Barcelona, Kanana, Vygieskraal, Enkanini, Samora Machel, Burundi, Doornbach, 
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Masiphumelele, Overcome Heights, Silver Town, Lotus Park, Europe, New Rest and Egoli, 

among others, flooding is a recurring hazard (Figure 1), yet the knowledge systems used to 

identify risk and plan interventions are increasingly digitised, abstracted and centralised, 

often without meaningful community involvement. 

 

 

 

Figure 1: Flooding in Khayelitsha informal settlement in Cape Town 

Source: Author (Cape Town, July 2025) 

 

 

 

The Cape Town example (Box 1) illustrates how AI-enabled governance can mislead decision-

makers, exclude marginalised populations and even intensify vulnerabilities when local 

knowledge is devalued or ignored. As Birhane (2020) warns, algorithmic abstraction in African 

contexts can become a new frontier of harm, masking inequalities in a language of data 

neutrality. Moreover, by bypassing community agency, these tools risk undermining the very 

adaptive capacities that have historically enabled survival in Cape Town’s informal 

settlements. To be effective and just, flood-risk models must move beyond top-down metrics 

toward co-produced, ground-truthed knowledge systems, ones that recognise informal 

settlements not as data voids but as data-rich ecologies of practice. 
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Case Study Box 1: Cape Town’s Informal Settlements and AI Flood Tools 
 
Who collects the data? 
Much of the climate data used in flood-risk models is sourced from remote 
sensing technologies, automated weather stations and historical rainfall records 
managed by state agencies or international technical partners. Institutions such 
as the South African Weather Service, the Western Cape Department of 
Environmental Affairs and Development Planning, and global platforms like 
Google Earth Engine feed into municipal forecasting systems. While these 
sources offer spatial precision, they often lack granularity on lived terrain 
conditions, such as blocked drains, self-built water diversions, or topographical 
micro-variations known intimately by residents. 
 
Whose voices shape the model? 
City planners and technical consultants typically develop flood models based on 
formal hydrological and engineering parameters, rarely integrating the 
perspectives of community-based organisations (CBOs) or residents who 
navigate flood risk daily. Despite efforts at public engagement, such as 
Integrated Development Plan (IDP) meetings or Ward Committee consultations, 
these processes are often too tokenistic, technical or mistrusted to capture the 
nuance of local experience (Bhanye, 2025). This leads to models that prioritise 
technocratic efficiency over sociocultural embeddedness. 
 
What are the sociopolitical consequences? 
The consequences of this data disconnect are profound. In one instance, high-
resolution flood-risk maps used by city officials designated certain areas as ‘non-
viable’ for upgrading due to risk categorisation, without acknowledging that 
residents had already devised effective drainage paths and raised foundations 
through years of improvisation.  

 

Thus, in Cape Town’s informal settlements, AI-driven interventions have the risk of 

overlooking local knowledge and social context. Table 3 illustrates how this misalignment 

manifests in practice. 

 

 

 

Table 3: Case Example – AI Misalignment in Cape Town Informal Settlements 

AI Tool/Intervention Issue Observed Alternative Practice/Knowledge 

Ignored 

Flood-risk map zones Designated zones ‘unfit’ 

for upgrading 

Communities had dug trenches and 

redirected water 

SMS-based flood alerts Messages sent only in 

English 

isiXhosa speakers excluded; no 

community liaisons used 

Satellite-based infrastructure 

assessment 

Overlooked informal 

drainage paths 

Local spatial knowledge absent in 

formal datasets 

GIS-driven risk relocation 

planning 

Ignored sacred or 

spiritually marked land 

Community leaders not consulted; 

tensions escalated 
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5. Policy Gaps and Governance Challenges 

Despite the growing role of AI in climate adaptation planning, policy frameworks in the global 

South remain ill-equipped to address the ethical, political and distributive implications of 

these technologies. As AI systems become increasingly central to identifying climate risks and 

shaping public investments, their deployment in climate governance exposes a number of 

critical policy and institutional gaps. 

 

Lack of Regulatory Frameworks for Ethical Climate AI 

Most global South countries lack coherent legal or regulatory instruments to govern the use 

of AI in environmental decision making. While AI ethics has become a key topic in global 

discourse (Jobin et al., 2019), existing frameworks in the climate domain tend to be techno-

optimistic, prioritising innovation over accountability. There are few binding requirements for 

algorithmic transparency, bias auditing or redress mechanisms for communities harmed or 

excluded by AI-driven decisions. As Mohamed et al. (2020) argue in their articulation of 

‘Decolonial AI’, the absence of regulatory foresight risks embedding and amplifying systemic 

inequalities through algorithmic means. 

 

Overreliance on Externally Built Systems 

A second challenge lies in the widespread outsourcing of climate tech to multinational 

corporations, foreign donors and Northern research institutions. While these actors often 

bring technical capacity, their tools are rarely co-designed with the people most affected by 

climate impacts. Instead, models and platforms – whether for flood forecasting, vulnerability 

mapping or adaptation planning – are often imported wholesale, reflecting external 

assumptions and priorities (Mol, 2008; Sultana, 2022). This reliance on external AI 

infrastructures not only limits local ownership, but also reinforces a colonial division of 

cognitive labour where Southern actors are data providers rather than epistemic agents 

(Couldry and Mejias, 2019). 

 

Inadequate Investment in Data Justice Infrastructure 

A third major gap is the lack of investment in ‘data justice infrastructures’ – that is, the local 

systems, capacities and institutions necessary for communities to produce, govern and 

interpret their own data. Community-led mapping initiatives, open-source AI tools, and 

localised training programmes in climate data science remain undervalued and underfunded 

in most urban adaptation strategies (Taylor, 2017). Without this investment, adaptation 

becomes a process done to communities rather than with them, exacerbating existing 

exclusions. 

 

Absence of Cross-Scalar Coordination 

Finally, effective governance of climate AI requires collaborative governance across scales, 

from municipal disaster risk units and national ministries to civic organisations, tech 
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developers and affected communities. Yet in practice, these actors often operate in silos, with 

limited mechanisms for information sharing, joint decision making, or long-term partnership 

building (Ziervogel et al., 2017). This fragmentation results in policies that are poorly aligned 

with local realities, and technologies that fail to adapt to the dynamic, relational nature of risk 

in informal urban environments. 

 

Together, these gaps reveal the urgent need for a governance paradigm that centers justice, 

participation, and local autonomy in the development and use of climate AI systems. Without 

this, even the most advanced technologies will deepen rather than resolve the inequalities 

they claim to address. 

 

6. Recommendations: Towards Decolonial AI for Climate Justice 

To avoid reproducing the structural and epistemic injustices of past development paradigms, 

the future of AI in climate adaptation must be anchored in decolonial, justice-oriented 

principles (Table 4). This requires a fundamental reconfiguration of how climate knowledge is 

produced, governed and applied, placing affected communities not as passive recipients of 

technocratic interventions, but as co-creators of climate intelligence. The following 

recommendations offer pathways to realign climate AI systems with democratic values, 

contextual legitimacy and planetary equity. 

 

Table 4: Principles of Decolonial AI for Climate Justice 

Conventional AI Approach Decolonial AI Approach 

Centralised data and control Distributed, community-controlled data systems 

Top-down model development Participatory, co-designed model processes 

Metric-driven policy guidance Multi-epistemic, context-driven interpretation 

Universality and transferability focus Place-specific, situated intelligence 

Efficiency and scalability prioritised Justice, equity and inclusion prioritised 

 

a. Promote Data Sovereignty 

One of the most urgent imperatives is to strengthen the data sovereignty of global South 

actors. Currently, AI systems are often designed externally and hosted on cloud 

infrastructures controlled by corporations in the global North, with limited local access to raw 

data, model architecture or training pathways (Couldry and Mejias, 2019). Governments and 

cities must invest in municipal and national-level AI infrastructure, support local data storage 

and governance systems, and build in-country capacity through dedicated AI training 

programmes aligned with contextual needs (Taylor, 2017). 

 

Equally critical is the promotion of community-led data practices that valorise vernacular 

knowledge and lived realities. Initiatives such as participatory mapping, citizen sensing and 

local environmental monitoring should be integrated into AI modelling pipelines – not as 

supplementary data, but as epistemic inputs equal in value to remote sensing or 
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meteorological feeds (McFarlane, 2011; Sultana, 2022). These efforts democratise not only 

data collection but also the right to narrate climate vulnerability on one’s own terms. 

 

b. Democratise Climate AI Governance 

Climate tech governance must be made accountable, transparent and inclusive. This entails 

the formation of public oversight bodies or multistakeholder committees that can monitor, 

assess and guide the deployment of AI tools in climate planning. These bodies should include 

civil society actors, local government, indigenous leaders and technical experts, ensuring that 

the governance of AI reflects the multiplicity of interests it affects (Jobin et al., 2019). 

 

Further, AI systems must undergo ethical audits to detect embedded biases, be subjected to 

ground-truthing through field validation and be adjusted in response to participatory model 

feedback. Without these safeguards, AI will continue to function as what Birhane (2020) terms 

a ‘mechanism of abstraction’, alienated from real-world complexity and local accountability. 

 

c. Foster South–South Cooperation on Climate Tech 

To challenge the monopolisation of AI expertise and resources by the global North, there must 

be a deliberate investment in South–South cooperation. Regional bodies such as the African 

Union (AU) and Southern African Development Community (SADC) should prioritise co-

development of climate AI tools through joint research centres, open-access knowledge 

platforms and cross-border adaptation learning hubs (Mol, 2008; Vincent and Cundill, 2022). 

 

Lessons from participatory digital innovations, including citizen science, hydro-citizenship 

frameworks and local disaster risk mapping, should be systematically shared across regions 

to develop AI systems that are socially embedded and culturally literate. This horizontal 

knowledge exchange can help build an alternative to techno-imperialism: one grounded in 

solidarity, reciprocity and mutual respect. 

 

d. Support Epistemic Pluralism in Climate Adaptation 

Finally, decolonial climate AI demands recognition of epistemic pluralism – the principle that 

multiple ways of knowing, including indigenous, spiritual and informal knowledges, must be 

integrated into scientific and technical processes (Fricker, 2017; Escobar, 2008). Planners and 

AI developers should draw from oral histories, seasonal calendars, ancestral warnings and 

community memory as legitimate datasets that complement and challenge formal models. 

 

Rather than translating these epistemologies into technical formats alone, AI systems should 

be designed to coexist with non-technical forms of environmental reasoning, thereby enabling 

hybrid governance models that reflect the lived complexity of climate risk. This shift, from 

epistemic extraction to epistemic reciprocity, marks the beginning of a truly decolonial and 

just climate future. Table 5 provides action-oriented synthesis of recommendations. 
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Table 5: Key Policy Levers and Responsible Actors 

Policy Lever Responsible Actors Example Actions 

Data Sovereignty Municipalities, national 

governments 

Invest in local cloud storage, AI 

training hubs 

Participatory AI Design City planning departments, 

NGOs, universities 

Community mapping, co-designed 

vulnerability indices 

Ethical AI Oversight Ethics councils, national 

science agencies 

Algorithm audits, impact 

assessments 

South–South Tech 

Collaboration 

AU, SADC, regional research 

networks 

Shared platforms for open-source 

tools, translation protocols 

Epistemic Pluralism in Risk 

Assessment 

Traditional leaders, 

universities, planners 

Incorporate oral histories, seasonal 

calendars 

 

 

7. Conclusion: Rethinking ‘Smart’ Adaptation in the Age of Climate 

Colonialism 

As artificial intelligence increasingly becomes the cornerstone of climate adaptation 

governance, the urgent question is not whether we should embrace smart technologies, but 

how and for whom they are designed, deployed and governed. This working paper has argued 

that climate-smart solutions, if left unchecked, risk reinforcing historical patterns of colonial 

extraction, technocratic elitism and epistemic dispossession under the guise of innovation. 

 

In the global South, AI systems are too often being parachuted in as universal solutions to 

localised problems, sidelining place-based knowledge, lived experience and sociocultural 

diversity. By abstracting vulnerability into metrics and modelling, these tools not only obscure 

the complexity of everyday life in informal urban spaces, but also undermine the agency of 

those who have long innovated in the absence of formal state support. What emerges is not 

just a failure of technology, but a crisis of justice. 

 

To move beyond this impasse, we must recenter adaptation around power, place and 

participation. This means designing AI systems that are ground-truthed, locally co-produced 

and accountable to the people whose futures they claim to model. It also requires a conscious 

shift away from technocratic dominance toward a model of climate solidarity – one that 

values diverse epistemologies, invests in Southern AI capabilities and fosters collaborative 

governance across scales. 

 

The age of climate colonialism will not be overcome by better code alone. It demands a 

transformative reimagining of what counts as knowledge, who gets to decide and how we 

build resilience in the face of uncertainty. Only by embedding justice at the core of climate 

technology can we ensure that AI serves as a tool for emancipation rather than enclosure. 
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