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Abstract

Artificial intelligence (Al) has in no time become both an ally and a quiet threat to the planet. On one side, Al is
helping scientists forecast the climate, track pollution, protect wildlife, and run power grids more efficiently. On the
other side, the data centres that train and run Al consume large amounts of electricity and freshwater, produce carbon
emissions, and add to a growing pile of electronic waste. This paper looks at both sides of that story. It reviews what
researchers have learned so far about AI’s environmental footprint, summarises the main findings, and asks whether
our existing environmental, technology, and data laws are ready to govern Al responsibly. It then turns to the Indian
context, where a rapid build-out of Al data centres is meeting a power system that still leans on coal and a regulatory
regime designed for factories rather than server farms. The paper argues for a regulatory framework built on
transparency, mandatory environmental reporting, climate-justice safeguards, and lifecycle accountability, so that Al
can advance sustainability without quietly undermining it.
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1. Introduction

For most of its history, artificial intelligence was treated as a purely digital subject, something that lived inside
computers and had little to do with rivers, forests, or the air we breathe. That view no longer holds. As Al systems
have grown larger and spread into almost every sector, it has become clear that they have a physical body made of
chips, cables, cooling towers and electricity, and that this body leaves a real mark on the environment (Crawford,
2021). At the same time, Al has emerged as one of the most powerful tools available for understanding and fighting
environmental problems. The relationship between Al and sustainability is therefore best described not as good or
bad, but as deeply two-sided.

On the positive side, Al can support almost every environmental goal we care about. Machine-learning models
improve climate forecasts, help manage water and energy more carefully, monitor air and water pollution in real time,
and assist conservationists in tracking endangered species (Rolnick et al., 2022). In a widely cited study, Vinuesa et
al. (2020) found that Al could help achieve 134 of the 169 targets that sit under the United Nations Sustainable
Development Goals (SDGs). That is a remarkable figure, and it explains much of the excitement around “Al for good.”
But the same study warned that Al could also work against 59 of those targets and later research has shown why
(Vinuesa et al., 2020). Training a single large model can consume enormous amounts of energy and release significant
carbon dioxide (Strubell et al., 2019). The data centres that host these systems drink freshwater for cooling, and the
rapid turnover of specialised hardware creates electronic waste (Li et al., 2023; Wang et al., 2024). These costs fall
unevenly, often on communities that gain the least from the technology. This is why scholars now distinguish between
“Al for sustainability” and the “sustainability of AI” itself, arguing that we must attend to both (van Wynsberghe,
2021).

This paper examines that tension and asks a governance question at its heart: are our current environmental,
technology, and data laws equipped to manage Al’s environmental impacts, and if not, what should a better framework
look like? The discussion proceeds in six steps. It first sets out the main issues and environmental costs. It then reviews
the research done so far and draws out the key findings. After that it turns to the Indian perspective, where these
questions are becoming urgent, before closing with a set of practical recommendations for a regulatory framework
that is environmentally responsible, fair and consistent with broader climate goals.

2. The Core Issues: AI’s Environmental Promise and Its Hidden Costs
The first issue is the genuine promise of Al for the environment. Used well, Al helps us see patterns in huge datasets
that no human team could process. It sharpens weather and climate models, supports precision agriculture that uses



mailto:Email-dhairya.jaiswal31@gmail.com
https://orcid.org/0009-0002-8967-226X
mailto:office.kavishankar@gmail.com
mailto:santhoshveeramani@protonmail.com
mailto:advsravondev@gmail.com

709 Dhairya Jaiswal et al.

less water and fewer chemicals, optimises electricity grids so that renewable power is not wasted, and flags illegal
logging or poaching from satellite images (Rolnick et al., 2022; Cowls et al., 2023). In each of these cases, Al is not
the solution by itself, but it makes existing environmental efforts faster, cheaper, and more accurate.

The second issue is the energy appetite of Al. The infrastructure behind modern Al, the data centres, has become a
serious new actor in the global energy system. According to the International Energy Agency (2025), data centres
used roughly 415 terawatt-hours of electricity in 2024, about 1.5% of the world’s total, and this could roughly double
to around 945 terawatt-hours by 2030 as Al workloads expand. The agency noted that electricity demand from Al-
focused data centres in particular surged by about 50% in 2025 (International Energy Agency, 2025). When much of
that power still comes from fossil fuels, more computation means more carbon emissions (Kaack et al., 2022).

The third issue is water. Cooling thousands of hot processors requires large volumes of clean water, a cost that stayed
hidden for years. Li et al. (2023) estimated that training the GPT-3 model in state-of-the-art United States data centres
could directly evaporate around 700,000 litres of freshwater, and they projected that global AT demand might account
for 4.2 to 6.6 billion cubic metres of water withdrawal by 2027. In regions already facing water stress, this is not a
trivial concern.

The fourth issue is electronic waste. Al relies on specialised chips that are replaced quickly as newer, faster hardware
arrives. Wang et al. (2024) modelled this stream and found that generative Al alone could add between 1.2 and 5.0
million tonnes of e-waste between 2020 and 2030. Encouragingly, they also showed that circular-economy strategies
i.e. reusing, refurbishing, and recycling hardware, could cut that waste by 16% to 86%, which makes management an
urgent priority rather than an afterthought.

Closely linked to energy is the question of carbon emissions and a subtler danger known as the rebound effect. The
carbon cost of a model depends heavily on where and when it is trained, because a data centre running on coal power
emits far more than one running on hydro or solar (Patterson et al., 2021; Dhar, 2020). More worrying is the possibility
that efficiency gains simply encourage more use. As models become cheaper to run, they tend to be deployed
everywhere, so total consumption can climb even as each individual task becomes greener. Dauvergne (2020) cautions
that, without limits, Al can intensify the very patterns of production and consumption that drive environmental
damage, meaning that technical efficiency alone will not guarantee a smaller footprint.

It is also worth placing AI’s electronic waste within a much larger crisis. The world already generates tens of millions
of tonnes of e-waste each year, and only a small fraction is properly recycled (International Telecommunication Union
& United Nations Institute for Training and Research, 2024). Al hardware adds a fast-moving new stream to this pile,
made up of high-value but hard-to-recycle components. Bender et al. (2021), writing about the risks of ever-larger
language models, argued that the field’s race toward scale concentrates benefits among well-resourced actors while
pushing environmental and social costs outward, a concern that applies directly to the hardware lifecycle as well as to
energy.

The fifth issue is fairness, and it ties the others together. The benefits of Al flow mostly to wealthy companies and
countries, while many of the costs. emissions, water use, polluting waste sites, and the mining of rare materials, are
felt elsewhere, often by poorer communities with little say in the matter (Coeckelbergh, 2021; Brevini, 2021). Robbins
and van Wynsberghe (2022) warn that building ever-larger Al infrastructure risks locking society into an unsustainable
path that becomes hard to reverse. This raises questions of climate justice that a purely technical view of Al tends to
ignore.

Finally, there is the issue of opacity. Companies are generally not required to publish how much energy or water a
given model consumes, so the true ecological cost stays buried inside corporate sustainability reports that are hard to
verify (Henderson et al., 2020). Without reliable, comparable data, regulators and citizens cannot hold anyone
accountable. This information gap is, in many ways, the root problem that any good regulatory framework must
address.

3. The State of Research and Policy

Research on Al and the environment has matured rapidly over the past few years, moving from scattered observations
to a recognisable field. An early turning point came when Strubell et al. (2019) measured the carbon footprint of
training large language models and showed that the numbers were far higher than most people assumed. Their work
pushed the research community to start reporting the energy and emissions behind Al experiments, an idea developed
further by Henderson et al. (2020) and by tools for estimating emissions proposed by Lacoste et al. (2019).

From there, two related research streams grew. The first, often called “Green Al,” argues that efficiency should be
treated as a core goal of Al research, not just accuracy (Schwartz et al., 2020). Studies in this stream have measured
the carbon cost of specific models, such as the BLOOM language model (Luccioni et al., 2023), and have catalogued
practical ways to reduce Al’s footprint, from better hardware to smaller models (Wu et al., 2022; Verdecchia et al.,
2023). The second stream, “Al for sustainability,” maps where Al can actually help meet environmental goals, with
Rolnick et al. (2022) providing an influential roadmap across sectors such as energy, transport, and agriculture.

A separate body of work has tried to weigh these two sides against each other. Vinuesa et al. (2020) produced the
most cited attempt, using expert judgement to estimate Al’s positive and negative effects on the SDGs. Kaack et al.
(2022) refined the picture for climate specifically, distinguishing between AI’s direct effects (the emissions from
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running it), its immediate application effects (helping cut emissions in other sectors), and its broader system-level
effects (changing how economies behave). Their framework is now widely used because it shows that Al’s net climate
impact depends heavily on how and where it is deployed.

Alongside the technical literature, ethical and conceptual literature has taken shape. Van Wynsberghe (2021) gave the
field a useful vocabulary by separating “Al for sustainability” from the “sustainability of Al,” and later work has
pressed researchers to define these terms more precisely (Falk & van Wynsberghe, 2023; Rohde et al., 2024). Scholars
such as Crawford (2021) and Brevini (2021) have placed Al within a larger story about extraction, power, and the
planetary costs of computing, while Coeckelbergh (2021) and Satra (2021) have foregrounded justice and the limits
of treating Al as a neutral fix.

On the governance side, progress has been slower and more fragmented. Early management scholarship, such as
Nishant et al. (2020), set out a research agenda for using Al to advance sustainability while flagging the risks that
come with it, but it stopped short of detailed regulation. Much of the early ethical guidance, such as the Al4People
framework, focused on principles like transparency and accountability without saying much about environmental harm
(Floridi et al., 2018). More recent contributions argue that Al governance and environmental governance must be
brought together. Truby (2020) proposed steering Al development toward the SDGs through regulation, and Galaz et
al. (2021) highlighted the systemic environmental risks that fall through the cracks between technology policy and
climate policy. International bodies have begun to take notice as well; the United Nations Environment Programme
(2024) has urged governments to standardise the measurement of AI’s footprint and to weave environmental
safeguards into Al policy. There is now broad agreement in the literature that voluntary corporate pledges are not
enough and that mandatory measurement and disclosure are the missing foundation (Henderson et al., 2020; Cowls et
al., 2023).

4. Findings

Pulling these threads together, several clear findings emerge. First, AI’s environmental impact is real and growing,
but it is also concentrated. A relatively small number of very large models and the data centres that host them account
for a large share of the energy, water, and hardware demand (International Energy Agency, 2025; Luccioni et al.,
2023). This is actually good news for governance, because it means that targeted rules aimed at large operators could
address most of the impact without burdening every small developer.

Second, the costs are spread across the whole lifecycle, not just one stage. People tend to focus on the electricity used
to train a model, but emissions and resource use occur at every step: mining materials for chips, manufacturing
hardware, running models for years of everyday use (inference), cooling the facilities, and finally disposing of obsolete
equipment (Wang et al., 2024; Crawford, 2021). In fact, recent work shows that the day-to-day use of models, rather
than their one-time training, may dominate the total footprint over a system’s lifetime, because popular models answer
billions of queries (Luccioni et al., 2024). Any honest accounting, and any serious regulation, has to cover the full
lifecycle rather than a single eye-catching number.

Third, AI’s benefits for the environment are real but conditional. Al does not automatically reduce emissions; it does
so only when it is deliberately pointed at the right problems and powered by clean energy (Kaack et al., 2022; Rolnick
et al., 2022). Used carelessly, the same technology can speed up resource extraction or encourage more consumption,
cancelling out its gains. The net effect depends on human choices and policy, not on technology alone.

Fourth, the central obstacle to good governance is missing information. Because companies are rarely required to
disclose model-level energy and water use, neither regulators nor the public can verify claims or compare options
(Henderson et al., 2020). This data gap weakens every other policy tool, since one cannot regulate what one cannot
measure.

Fifth, the burdens and benefits of Al are distributed unequally, raising genuine climate-justice concerns. Vulnerable
communities and water-stressed or coal-dependent regions can bear real costs while having little influence over the
decisions that create them (Coeckelbergh, 2021; Robbins & van Wynsberghe, 2022). A framework that ignores this
risks being efficient on paper but unjust in practice.

Sixth, the existing legal toolkit is poorly matched to the problem. Environmental laws were largely written for visible,
point-source polluters like factories and mines, technology and data laws focus on privacy and competition rather than
ecology, and climate policy rarely names Al explicitly. The result is a set of frameworks that, taken individually, leave
Al’s environmental footprint only lightly governed (Galaz et al., 2021; Truby, 2020).

5. The Indian Perspective

India sits at a difficult crossroads in this debate. The country has embraced Al as an engine of growth and development.
Its national Al strategy, branded #AIForAll, framed Al as a tool to improve healthcare, agriculture, education, and
inclusive development (NITI Aayog, 2018), and the more recent IndiaAl Mission has committed substantial public
funding to build computing capacity, deploy thousands of graphics processing units, and support home-grown models
(Ministry of Electronics and Information Technology, 2024). India also hosted a major global Al summit and has
positioned itself as a voice for the Global South in shaping how Al develops.
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Crucially, India is not only a consumer of AI’s costs but also a beneficiary of its environmental promise. Indian
agencies and researchers are already using Al to sharpen monsoon and disaster forecasting, to monitor air pollution
and greenhouse-gas emissions, to map deforestation and biodiversity loss, and to support precision farming that cuts
water use and methane from rice cultivation (Rolnick et al., 2022; Vinuesa et al., 2020). For a country that is highly
exposed to climate impacts and that must feed a vast population on stressed land and water, these applications are not
luxuries; they are tools for resilience. The challenge is that the same digital build-out that enables them also generates
the emissions, water demand, and waste described above, so India experiences both halves of the Al-environment
relationship at once.

This ambition comes with a heavy infrastructure build-out. India’s data centre capacity, around 1.5 gigawatts in 2025,
is projected to expand several-fold by 2030 as Al demand grows, and one industry analysis estimated that Al-linked
data centres alone could require an additional 40 to 45 terawatt-hours of electricity by 2030 (Deloitte, 2025). The
environmental catch is that India’s electricity still comes mostly from coal, so a surge in Al computing can translate
fairly directly into higher carbon emissions unless clean energy keeps pace. Because Al data centres need round-the-
clock power, they may even encourage additional fossil-fuel capacity to guarantee reliability.

Water is an equally pressing concern in the Indian setting. Many of the cities competing to host data centres are already
water-stressed, yet cooling these facilities can consume large volumes of freshwater. This creates a direct tension
between digital ambition and the everyday water needs of local communities, and it has prompted calls for facilities
to rely on treated wastewater, closed-loop cooling, and zero-liquid-discharge systems rather than potable supplies.
India’s regulatory framework, however, was not designed with any of this in mind. The Environment (Protection) Act,
1986 and the country’s environmental impact assessment process were built around traditional industries such as
mining and manufacturing, and they do not clearly capture large, cloud-based computing facilities. As a result, GPU
clusters with a substantial energy and water footprint can be set up without the kind of environmental scrutiny applied
to a comparable factory. On the data side, the Digital Personal Data Protection Act, 2023 governs how personal data
is handled but says nothing about the ecological cost of the systems that process it (Ministry of Electronics and
Information Technology, 2023). The most directly relevant rule is arguably the E-Waste (Management) Rules, 2022,
which require electronic waste to be channelled to registered recyclers (Ministry of Environment, Forest and Climate
Change, 2022); applied seriously to Al hardware, these rules could help, but they were not written with rapid server
turnover in mind.

There is, then, a regulatory gap in India that mirrors the global one but with sharper stakes. The country has strong
reasons to pursue Al and equally strong reasons to protect its energy security, scarce water, and vulnerable populations.
India’s own tradition of environmental thought, captured in ideas like treating the Earth as one family, and its
constitutional commitments to environmental protection, give it a values-based foundation for insisting that digital
progress not come at the planet’s expense. The opportunity for India is to design “green AI” rules early, before the
infrastructure locks in, and in doing so to offer a model that other developing countries can follow.

6. The Way Forward: Toward a Responsible Regulatory Framework

The findings point toward a regulatory framework with a few clear pillars. The first and most important is
transparency. Large Al operators should be required to measure and publicly report the energy, carbon, and water
footprint of training and running their major models, using standardised methods so the numbers can be compared
(Henderson et al., 2020; Cowls et al., 2023). Standard metrics such as power usage effectiveness and water usage
effectiveness for data centres can anchor this reporting. Mandatory disclosure is the foundation on which every other
rule depends, because it closes the information gap identified earlier.

The second pillar is lifecycle accountability. Rules should cover the full journey of Al hardware and computation,
from the sourcing of materials and manufacturing of chips, through years of operation, to end-of-life recycling.
Extended-producer-responsibility schemes and circular-economy requirements can push operators to reuse and
refurbish hardware, which research suggests can dramatically cut e-waste (Wang et al., 2024; Wu et al., 2022). Tying
data-centre approvals to credible clean-energy commitments would address the emissions that arise during operation.
The third pillar is to bring Al inside existing environmental governance rather than inventing a wholly separate regime.
Environmental impact assessment processes can be updated so that large data centres are evaluated for their energy
and water demand, much as a factory would be. Where dedicated Al laws or climate laws exist, they should explicitly
name and account for the environmental footprint of computing, closing the gap between technology policy and
climate policy (Truby, 2020; Galaz et al., 2021).

The fourth pillar is climate justice. A responsible framework must check who bears the costs and who reaps the
benefits. This means protecting water-stressed communities from having scarce supplies diverted to cooling, ensuring
that polluting facilities and waste sites are not simply pushed onto the least powerful, and giving affected communities
a real voice in siting decisions (Coeckelbergh, 2021; Robbins & van Wynsberghe, 2022). Fairness should be treated
as a design requirement, not an afterthought.

The fifth pillar is to steer Al deliberately toward sustainability. Because Al’s benefits are conditional, governments
can use funding, procurement, and incentives to direct Al talent and computing toward genuine environmental
problems, grid optimisation, climate modelling, pollution monitoring, and conservation, while discouraging wasteful
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or purely extractive uses (Rolnick et al., 2022; Kaack et al., 2022). Public money should reward efficiency and real-
world impact rather than sheer model size.

For India specifically, the way forward is to act early and turn constraint into leadership. India can require new data
centres to move toward renewable power and treated-wastewater cooling, update its environmental assessment rules
to cover computing infrastructure, enforce the E-Waste Rules rigorously for Al hardware, and embed environmental
audits within the IndiaAl Mission itself. By doing so while its Al build-out is still young, India can avoid locking in
an unsustainable path and can credibly lead the Global South toward a model of Al development that is both ambitious
and ecologically responsible (Deloitte, 2025; NITI Aayog, 2018).

7. Conclusion

Artificial intelligence is neither a saviour nor a villain in the environmental story; it is a powerful tool whose effect
depends entirely on how we build, power, and govern it. The evidence shows that Al can meaningfully advance
sustainability across many sectors, but that it also carries real and rising costs in energy, water, carbon, and electronic
waste, costs that are often hidden and unequally shared. Our current environmental, technology, and data laws were
not designed for this challenge and leave important gaps.

Closing those gaps does not require us to choose between innovation and the environment. With transparency at its
core, supported by lifecycle accountability, integration into existing environmental rules, climate-justice safeguards,
and the deliberate steering of Al toward green ends, a regulatory framework can let societies enjoy Al’s benefits while
keeping its footprint in check. For India and other rapidly developing countries, acting now, before the infrastructure
hardens, offers a rare chance to get the balance right from the start, ensuring that the age of artificial intelligence is
also an age of environmental responsibility.
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