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Artificial Intelligence (AI) and data science will play a crucial role in improving 
environmental sustainability, but the energy requirements of these methods will have an 
increasingly negative effect on the environment without sustainable design and use. 
Against the backdrop of an implicit assumption that computational resources will continue to 
increase in availability and reduce in cost, it is rare for researchers to explicitly consider 
environmental impact when designing or choosing analysis methods. We believe there is an 
opportunity for the environmental science community to drive a change in approach, 
optimising energy usage when conducting their own computational research, and advocating 
for other research domains to do the same. Considering environmental sustainability in 
computational research will both accelerate innovation and democratise it: regions most 
affected by climate change – and where local research could have huge benefits – are less 
likely to have access to significant computational resources. Making energy efficiency and 
sustainability a primary consideration will also catalyse innovative methodological 
approaches to scientific research. By aligning these changes with domain-based 
understanding of the scientific need, we can set standards for best practice in a strategic way. 
 
Energy requirements of computational methods 
Net Zero is defined as a state in which anthropogenic emissions of greenhouse gases into the 
atmosphere are balanced by anthropogenic removals out of the atmosphere. Achieving Net 
Zero requires the coordination of efforts across social, political, economic and technological 
spheres1. AI and data science will play a crucial role in this complex process, helping us to 
understand and ultimately optimise anthropogenic energy usage2. 
 
Competing with this potential benefit, is the fact that AI and data science have huge energy 
and environmental costs themselves3,4. The resource requirements of AI research, 
development and application are continually increasing, and nations are under pressure to 
invest in ever larger computational facilities to keep pace5. The potential environmental 
impact of this is acknowledged, motivating efforts to make computing more sustainable, 
including the adoption of more energy-efficient hardware, better management of data centres, 
and the use of renewables to power systems6. The role of software architecture is also 
recognised as important, and that making progress with this will require users skilled in 
writing efficient code optimised for minimum environmental impact5. 
 
There are some initiatives promoting energy efficient software for research (for example, 
https://greensoftware.foundation/), along with efforts to develop high level principles for 
computational scientists7. Nevertheless, the environmental sustainability of methods is not 
currently a major consideration of any part of the computational science research community, 
and there are few guidelines for those wishing to develop or use AI and data science in a 
sustainable way.  
 
Embedding environmental sustainability in AI. 
The inaugural meeting of the Alan Turing Institute Environment and Sustainability Interest 
Group, held in Manchester on March 15th, 2022, culminated in an open discussion about the 
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relationship between AI and data science and environmental sustainability. It considered the 
potential for AI and data science to help reach Net Zero, as well as how AI and data science 
might negatively impact our ability to reach Net Zero and how we might maximise the 
environmental benefits whilst reducing the energy costs of research. Overwhelmingly, the 
view was that this issue is not considered in most environmental science research. It was 
proposed that environmental scientists should not use AI and data science to understand and 
improve our environment, without also considering the energy efficiency and sustainability of 
the analyses themselves. 
 
Following this discussion, the Alan Turing Institute Environment and Sustainability Interest 
Group have worked with the Software Sustainability Institute to propose a series of 
recommendations to the environmental science research community, with the aim of helping 
to embed environmental sustainability in future computational research. 
 
Minimise the environmental impact in methods choice. Rather than relying on increasing 
computing power, researchers should consider upfront the carbon footprint of their approach 
and be able to explicitly justify the carbon budget of any computational research. Researchers 
should continually reflect on the methods used and consider whether data-intensive machine 
learning is necessary. Whenever researchers develop new methods, or apply existing ones, 
they should ask themselves whether they are using the most energy-efficient approach. A 
simpler, less energy-intensive method than machine learning may be sufficient for the aims of 
the research. They should question whether a small increase in accuracy is worth the extra 
computing resources required. 
 
Prioritise research on the environmental impact. We know anecdotally that some methods 
are more efficient than others, and that there are trade-offs between readability of code and 
computational efficiency, and human vs. computing resources (for example, carefully curated 
data can be processed faster than noisy raw data). However, the environmental science 
community lacks proper guidance as to how much carbon will be used or saved as a function 
of a methodological approach. There is also a lack of understanding of how processor usage 
correlates with power usage, which makes estimating carbon footprints challenging. 
Systematically examining the environmental footprint of these design choices would help 
inform decisions on which approaches to use. Such systematic investigations require an 
interdisciplinary approach, considering human and organisational aspects of the complex 
system that makes up the research process, as well as the technical. Environmental scientists 
have a key role to play in motivating and contributing to this research. 
 
Develop and disseminate best practice. Environmental sustainability of computing methods 
may not be considered in the wider research community because the environmental impact is 
not fully understood. Environmental scientists should raise awareness of this issue, both 
within the domain and when working with other domains – particularly those developing AI 
and data science tools. This might include introducing the topic when planning a project, 
suggesting it is considered as a factor when choosing methods, and discussing their own 
approach to reducing energy consumption. Ultimately, the environmental science community 
should provide guidance on how to employ tools sustainably. 
 
Champion sustainable science beyond academic research. Researchers should choose 
industrial partners committed to environmental sustainability themselves, and argue for 
energy efficiency in AI and data science when working with others. They should also 
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encourage research funders, government and industry to embed relevant policy and practice 
across all areas of AI and data science. 
 
Improve the accessibility of methods. Policy change takes place at regional scales and 
works best when it draws on local scientific data and intelligence. Developing data-driven 
insights requires access to open and robust digital tools. Yet, areas of the world likely to be 
most affected by climate change often have much lower investment in digital infrastructure, 
and as such the energy requirements of AI and data science methods are a critical barrier8. 
Local and municipal authorities in all nations lack access to significant computational 
resources when making policy decisions about towns and cities9. Collecting and analysing 
data at a local level ensures it is appropriately contextualised and understood. Low energy 
methods therefore not only help the environment, but democratise access to AI, as they are 
cheaper to use and have lower infrastructure requirements. 
 
Leading by example 
These recommendations are aimed at those working in environmental research, who can lead 
by example by adopting or championing them as appropriate. However, progress will require 
more than scientist buy in. We recognise that a better understanding of the environmental 
impact of computational methods will require a collaborative approach, combining expertise 
from data scientists, software engineers and domain specialists. We also suggest that funding 
bodies follow these recommendations as a practical starting point towards minimising the 
environmental impact of research.  
 
As our understanding of the energy footprint of analysis design decisions improves, the 
continued development and sharing of best practice will feed into funder policy and AI 
regulation. We ultimately hope our recommendations serve as a starting point for developing 
robust standards that will minimise the environmental impact – and facilitate the accessibility 
– of AI and data science innovation, with benefits for both the global research community 
and the world at large. 
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Figure 1: Recognizing the environmental impact of computational environmental 
science research. The environmental impact should be considered at every stage of research, 
from data collection to knowledge dissemination. With the rapid development of AI tools and 
the increasing energy demands of these methods, there is a particular opportunity to improve 
the environmental sustainability of the data processing stage, and a particular responsibility 
for environmental scientists to lead by example. 
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