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Abstract: 
The integration of Artificial Intelligence (AI) into modern economies holds 
transformative potential, but its environmental impact, particularly its carbon footprint, 
is a growing concern. This paper explores the hidden costs associated with AI, focusing 
on its substantial greenhouse gas (GHG) emissions. Training large-scale AI models, 
particularly those based on deep learning, is highly energy demanding, resulting in 
substantial GHG emissions. Operationally, the continued use of AI systems further 
exacerbates the environmental toll, especially in data centres powered by non-renewable 
energy sources. 
This paper highlights mitigation strategies, including the transition to renewable energy 
sources for powering AI infrastructures and the development of more energy-efficient 
algorithms. Techniques such as model pruning, quantisation, and knowledge distillation 
are identified as crucial in reducing energy consumption during the training and 
operational phases of AI models. Additionally, the role of AI in sustainability efforts is 
examined, suggesting that AI could facilitate resource efficiency in industries such as 
agriculture, commerce, and manufacturing, thereby contributing to the global transition 
towards a low-carbon economy. While AI promises significant advancements across 
multiple sectors, it is essential to address its environmental costs through sustainable 
practices. Failure to do so may result in AI accelerating climate change, overshadowing 
its potential benefits. 
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Introduction 
There is currently an overwhelming enthusiasm surrounding the potential 

benefits that Artificial Intelligence (AI) could bring to humanity. However, are we truly 
prepared for such a profound shift, the full scope of which is only just becoming 
apparent? A lion cub may seem like an innocent kitten, something we eagerly wish to 
play with, but when it matures, it can devour us. 

Numerous aspects of AI deserve discussion. Artificial intelligence is a 
technology with immense potential, but also significant risks (European Parliament, 
2020; Olimid & Olimid, 2022). AI has the capacity to radically alter our lives, for better 
or worse. At present, both the enormous advantages and disadvantages of this 
technology are becoming apparent (Kumar, 2019; Duggal, 2024; IBM, 2024). To utilise 
AI responsibly and ethically, we require international institutional collaboration and 
appropriate regulation, which should ensure its benefits while mitigating its drawbacks. 
Additionally, we need ongoing awareness and education to help us understand and adapt 
to the impact AI will have on our lives and society. AI is reshaping the future of 
humanity (Rawas, 2024). However, all of these endeavours must be underpinned by a 
fundamental objective: cutting-edge technology must not harm the planet, and by 
extension, people. From this perspective, there are certain issues that are insufficiently 
discussed, one of which is AI’s carbon footprint. 

 
AI’s Carbon Footprint 
The carbon footprint represents the total amount of greenhouse gases (GHGs) 

generated by human actions and activities (Mitu & Stanciu, 2024). Consequently, the 
carbon footprint is determined by the quantity of GHG emissions, expressed as carbon 
dioxide equivalent (CO2e), associated with the activities of an individual or other entities 
(e.g., buildings, corporations, countries, etc.). This concept includes both direct 
emissions, such as those from fossil fuel combustion for production, heating, and 
transportation, as well as the emissions associated with generating the electricity used to 
produce the goods and services consumed (Selin, 2024, Stanciu & Mitu, 2024). 

Depending on the activity under analysis, distinct types of carbon footprints can 
be identified, based on the typical GHG emissions of the activities involved (Repsol, 
2024): 

Individual carbon footprint: This is based on a person’s consumption habits and 
takes into account GHG emissions associated with their transportation, energy 
consumption for heating and cooling homes, dietary habits, goods consumption, 
recycling practices, etc. 

Product footprint: This includes the GHG emissions across various stages such 
as raw material extraction, the production process, energy generation, product 
transformation for other firms, the customer's use of the product, waste treatment, and 
transportation between stages. 

Corporate footprint: This encompasses the GHG emissions inventory related to 
a company's or organisation’s operations. It serves as the primary basis for identifying 
energy efficiency measures within the organisation, as well as collaborative action with 
other firms in the sector. 

An increasing number of studies highlight that AI consumes large amounts of 
energy and generates substantial GHG emissions, thereby leaving a significant carbon 
footprint (Luccioni et al., 2020; Cowls et al., 2021; Cho, 2023, etc.). 
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According to Williamson (2023), the carbon footprint of AI is a composite 
indicator, which equals the total GHG emissions, or carbon dioxide equivalent (CO2e), 
produced during the manufacture of computing technology (e.g., chips, semiconductors, 
etc.), combined with the emissions from training AI models and the CO2e emitted during 
the operational lifetime of AI systems. 
 
Carbon Footprint of AI = Carbon Footprint of Computing Technology Production 
+ Carbon Footprint of Training AI + Carbon Footprint of Operating AI (Usage) 

 
Most analyses of AI’s carbon footprint focus on the latter two categories, as 

they are unique to AI (Williamson, 2023). However, each of these components 
significantly contributes to AI’s overall environmental impact, necessitating a detailed 
analysis to understand their implications and potential mitigation strategies. 

1. Carbon Footprint of Computing Technology Production - The production of 
computing technology is a critical factor in determining the carbon footprint of AI 
systems. The manufacturing processes for hardware, such as graphics processing units 
(GPUs) and data centres, are energy-intensive and often reliant on fossil fuels. The 
industrial sector, including the production of computing hardware, is a major source of 
global carbon emissions, accounting for nearly 36% of total emissions (Chen et al., 
2022). This is further exacerbated by the increasing demand for advanced computing 
technologies, which require energy-intensive processes. The amount of GHGs generated 
by electricity production varies significantly across regions, with some areas producing 
energy with a far larger carbon footprint than others. In regions where coal and gas 
dominate the energy mix, the carbon emissions associated with computing technology 
production can be substantial, contributing to AI's overall carbon footprint (Lannelongue 
et al., 2021). The relationship between economic activity and environmental degradation 
is well-documented; as energy consumption increases with economic growth, so too do 
CO2e emissions (Ojaghlou et al., 2023). Moreover, the extraction of raw materials for 
hardware production, or the use of plastics, also adds to the environmental burden, as the 
mining and processing of these materials often lead to significant GHG emissions 
(Panagiotopoulou et al., 2021; Mascarenhas, 2023).  

Figure 1 – CO2 emission benchmarks 

 
Source: Authors’ processed, based on Nord (2020) 
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2. Carbon Footprint of Training AI – The training of AI models, particularly 
large-scale deep learning models, is a highly energy-intensive process that significantly 
contributes to the carbon footprint of AI. Training state-of-the-art models requires 
extensive computing resources, leading to high electricity consumption (Xiao, 2023). 
There is a wide range of emissions depending on the model, with some sources 
indicating that training a large language model can result in 200 to 600 metric tonnes of 
CO2e (Williamson, 2023). For instance, training models such as OpenAI's GPT-3 has 
been estimated to produce approximately 552 metric tonnes of CO2e emissions (Cooper, 
2023; Tomlinson, 2024). This one-time cost is often amortised over the many queries 
processed by the model, but the initial energy demand remains a critical concern. The 
environmental impact of AI model training is exacerbated by the increasing complexity 
and size of these models, which require even more computational power and 
consequently more energy (Liu et al., 2023). The inefficiency of current hardware and 
algorithms further aggravates energy consumption during training, creating a situation 
where the growth rate of AI computational power outpaces improvements in energy 
efficiency (Liu et al., 2023). As such, the GHG emissions from AI training represent a 
growing concern, necessitating a shift towards more feasible practices in AI 
development (Xiao, 2023). 

3. Carbon Footprint of Operating AI (Usage) – Once AI models are trained, 
their operational phase also contributes to the carbon footprint. Emissions per query 
during the usage of AI systems can vary depending on several factors, including the 
efficiency of the underlying hardware and the energy source powering the data centres. 
Continuous use of AI applications, especially those requiring real-time data processing 
and decision-making, leads to sustained energy consumption. The GHG emissions 
associated with electricity used for AI operations can vary significantly depending on 
the energy sources utilised (e.g., fossil fuels versus renewable energy). AI systems 
deployed in data centres using renewable energy sources may have a substantially lower 
operational carbon footprint compared to those powered by fossil fuels 
(Panagiotopoulou et al., 2021). However, the rapid expansion of data centres, which are 
projected to contribute up to 2% of global CO2 emissions, highlights the urgent need for 
sustainable practices in the Information and Communications Technology (ICT) sector 
(Avgerinou et al., 2017). 

 
Mitigation Strategies and AI Sustainability 
The carbon footprint of AI is an increasing concern, necessitating the 

implementation of effective mitigation strategies and the promotion of Green AI 
initiatives. These strategies aim to reduce the environmental impact of AI technologies 
while leveraging their potential to contribute positively to sustainability efforts. 

Several strategies have been identified to reduce the carbon footprint associated 
with AI. A prominent approach is the transition to renewable energy sources for 
powering data centres and AI infrastructure. By using solar, wind, or hydroelectric 
energy, organisations can significantly reduce the carbon emissions associated with their 
AI operations (Mustafa et al., 2022). Additionally, the adoption of energy-efficient 
hardware and algorithms can further minimise energy consumption during both the 
training and operational phases of AI systems (Cowls et al., 2021). 

Another effective strategy involves optimising AI algorithms to enhance energy 
efficiency. Research indicates that developing more efficient machine learning models 
can lead to substantial reductions in energy consumption and, consequently, carbon 
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emissions. Techniques such as model pruning, quantisation, and knowledge distillation 
can reduce the computational resources needed for training and inference, thereby 
decreasing the overall carbon footprint (Cowls et al., 2021). 

The integration of AI into key sectors such as agriculture, commerce, 
hospitality, industrial manufacturing, etc., can facilitate resource efficiency, leading to 
lower emissions in these industries (Bhagat et al., 2022; Ahuja, 2024; Ding, 2024; Qi, 
2024). Furthermore, AI can enable the transition to a low-carbon economy by enhancing 
climate monitoring and predictive analytics, which can inform policy and operational 
decisions (Huang, 2024; Liu, 2024). Of course, these strategies are not exhaustive, their 
number being limited only by our ability to overcome the barriers of knowledge. 
 

The Role of Green AI Initiatives 
The concept of Green AI emphasises the ethical responsibility of AI researchers 

and practitioners to consider the environmental impact of their work. This includes not 
only the carbon emissions generated by AI models but also the broader implications of 
AI technology deployment. The AI community increasingly recognises the need for 
accountability in the design and implementation of AI systems, leading to the emergence 
of research focused on environmental sustainability in AI, termed "Green AI" 
(Verdecchia et al., 2023). Green AI initiatives advocate for transparency in reporting the 
carbon emissions associated with AI research and applications. This transparency can 
help stakeholders make informed decisions about the environmental impact of AI 
technologies and encourage the adoption of sustainable practices. Furthermore, the 
development of policies promoting sustainable AI practices, such as incentivising the 
use of renewable energy and energy-efficient technologies, is crucial for fostering a 
culture of sustainability within the AI community (Cowls et al., 2021). The importance 
of integrating sustainability into the design and deployment of AI technologies is 
increasingly recognised, helping to mitigate their environmental impact while harnessing 
their potential for positive change. Additionally, AI can facilitate the transition to a 
circular economy by improving waste management and resource efficiency (Yang et al., 
2022). 
 

Conclusions 
Artificial Intelligence represents one of the most revolutionary technologies of 

the modern era, with vast potential to radically transform entire sectors of the economy 
and daily life. From optimising industrial processes to AI-assisted medical diagnosis and 
the creation of systems capable of offering decision-making support in complex 
scenarios, AI opens new horizons for innovation and progress. 

However, alongside the widespread use of AI, a critical and increasingly 
concerning aspect is emerging: the enormous energy consumption associated with 
training and using these models. 

The carbon footprint of AI is a complex interaction of various components, 
including the production of computing technology, AI model training, and operational 
emissions during usage. Large neural networks, especially deep learning models, require 
significant computational power, leading to a considerable increase in electricity 
consumption. The data centres supporting these technologies consume energy equivalent 
to that of small cities. If this growth is not carefully managed, there is a risk that the 
benefits brought by AI could be offset by its negative environmental impact, 
accelerating climate change and diminishing the technological advantages. 
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Although these factors significantly contribute to the overall environmental 
impact, AI also offers opportunities to play a crucial role in promoting sustainability. By 
adopting Green AI practices and optimising energy consumption across all sectors, the 
AI community can work towards minimising the carbon footprint while maximising AI's 
potential to address climate change challenges. 

Energy consumption is not the only major challenge. AI also raises ethical and 
governance concerns. As systems become increasingly complex and autonomous, there 
is a risk that they may escape human control. For instance, decisions made by an AI 
system in a specific context, without human intervention, could lead to unforeseen or 
undesirable consequences. Moreover, concerns about transparency and explainability of 
models are growing, as they become more opaque with increasing complexity. If 
stringent oversight and accountability measures are not implemented, humanity risks 
losing control over the technology it has created, which could have disastrous effects. 

In conclusion, while AI offers extraordinary opportunities, humanity must 
remain extremely vigilant regarding the associated challenges. Managing energy 
consumption and ensuring that AI remains under human control and benefits all people 
are essential for this technology to reach its potential without causing significant 
collateral damage. 

Thus, the operational carbon footprint of AI is not solely a function of the 
technology itself but also of the broader energy infrastructure that supports it. In short, 
AI's carbon footprint is a multi-faceted issue encompassing the production of computing 
technologies, the energy-intensive training of AI models, and the continuous operational 
requirements of AI applications. Addressing these components is crucial for mitigating 
AI's environmental impact and transitioning towards more sustainable technological 
practices. 
 
Authors' Contributions: 
The authors contributed equally to this work. 
 

References: 
Ahuja, S., & Mehra, P. (2023). Sustainable Artificial Intelligence Solutions for Agricultural 

Efficiency and Carbon Footprint Reduction in India. IntechOpen EBooks. 
https://doi.org/10.5772/intechopen.112996  

Avgerinou, M., Bertoldi, P., & Castellazzi, L. (2017). Trends in Data Centre Energy 
Consumption under the European Code of Conduct for Data Centre Energy 
Efficiency. Energies, 10(10), 1470. https://doi.org/10.3390/en10101470  

Bhagat, P. R., Naz, F., & Magda, R. (2022). Artificial intelligence solutions enabling 
sustainable agriculture: A bibliometric analysis. PLOS ONE, 17(6), e0268989. 
https://doi.org/10.1371/journal.pone.0268989  

Chen, Y., Yan, W., Zhang, H., Liu, Y., Jiang, Z., & Zhang, X. (2022). A Data-Driven Design 
Approach for Carbon Emission Prediction of Machining. Volume 2: 42nd 
Computers and Information in Engineering Conference (CIE). 
https://doi.org/10.1115/detc2022-90465  

Cho, R. (2023, June 9). AI’s Growing Carbon Footprint. State of the Planet. Columbia 
Climate School. https://news.climate.columbia.edu/2023/06/09/ais-growing-carbon-
footprint/ 

https://doi.org/10.5772/intechopen.112996
https://doi.org/10.3390/en10101470
https://doi.org/10.1371/journal.pone.0268989
https://doi.org/10.1115/detc2022-90465
https://news.climate.columbia.edu/2023/06/09/ais-growing-carbon-


The Hidden Cost of AI: Carbon Footprint and Mitigation Strategies 

15 

Cooper, C. M. (2023, May 19). Artificial Intelligence and Carbon Footprint — is AI 
destroying our planet? Linkedin.com. https://www.linkedin.com/pulse/artificial-
intelligence-carbon-footprint-ai-our-planet-colin-cooper  

Cowls, J., Tsamados, A., Taddeo, M., & Floridi, L. (2021). The AI gambit: Leveraging 
Artificial Intelligence to Combat Climate change—opportunities, challenges, and 
Recommendations. AI & SOCIETY, 38(1). https://doi.org/10.1007/s00146-021-
01294-x  

Ding, C. (2024). Potential of artificial intelligence in reducing energy and carbon emissions 
of commercial buildings at scale. Nature Communications, 15(1). 
https://doi.org/10.1038/s41467-024-50088-4  

Duggal, N. (2024, June 24). Advantages and Disadvantages of Artificial Intelligence. 
Simplilearn. https://www.simplilearn.com/advantages-and-disadvantages-of-
artificial-intelligence-article  

European Parliament. (2020, September 23). Artificial intelligence: threats and 
opportunities. Www.europarl.europa.eu. 
https://www.europarl.europa.eu/topics/en/article/20200918STO87404/artificial-
intelligence-threats-and-opportunities  

Huang, X. (2024). Ai-driven solutions for a low-carbon transition: evaluating effectiveness 
and limitations in climate change mitigation. Journal of Economics and 
Management Sciences, 7(2), p15. https://doi.org/10.30560/jems.v7n2p15  

IBM. (2024, July 2). Artificial Intelligence Advantages & Disadvantages | IBM. Ibm.com. 
https://www.ibm.com/think/insights/artificial-intelligence-advantages-disadvantages  

Kumar, S. (2019, November 26). Advantages and Disadvantages of Artificial Intelligence. 
Medium; Towards Data Science. https://towardsdatascience.com/advantages-and-
disadvantages-of-artificial-intelligence-182a5ef6588c  

Lannelongue, L., Grealey, J., & Inouye, M. (2021). Green Algorithms: Quantifying the 
Carbon Footprint of Computation. Advanced Science, 8(12), 2100707. 
https://doi.org/10.1002/advs.202100707  

Liu, T. (2024). The impact of artificial intelligence on the green and low‐carbon 
transformation of chinese enterprises. Managerial and Decision Economics, 45(5), 
2727-2738. https://doi.org/10.1002/mde.4164  

Liu, X., Chen, M. K., & Tsai, D. P. (2023). Photonic Meta‐Neurons. Laser & Photonics 
Review, 18(3). https://doi.org/10.1002/lpor.202300456   

Luccioni, A., Lacoste, A., & Schmidt, V. (2020). Estimating Carbon Emissions of Artificial 
Intelligence [Opinion]. IEEE Technology and Society Magazine, 39(2), 48–51. 
https://doi.org/10.1109/mts.2020.2991496  

Mascarenhas, M., Ribeiro, T., Afonso, J., Mendes, F., Cardoso, P., Martins, M., Ferreira, J., 
& Macedo, G. (2023). Smart Endoscopy Is Greener Endoscopy: Leveraging 
Artificial Intelligence and Blockchain Technologies to Drive Sustainability in 
Digestive Health Care. Diagnostics, 13(24), 3625–3625. 
https://doi.org/10.3390/diagnostics13243625  

Mitu, N.E., Stanciu, C.V. (2024). Is there a waterbed effect generated by carbonreduction 
policies? A parallel EU-27 – China. Revista de Științe Politice. Revue desSciences 
Politiques, 81, 9 – 18. 

            https://cis01.ucv.ro/revistadestiintepolitice/files/numarul81_2024/1.pdf  
Mustafa, A., Kazmi, M., Khan, H., Qazi, S., & Lodi, S. (2022). Towards a carbon neutral and 

sustainable campus: case study of ned university of engineering and technology. 
Sustainability, 14(2), 794. https://doi.org/10.3390/su14020794  

Nord, T. (2020, December 15). Ist künstliche Intelligenz ein Klimakiller? Lernen Wie 
Maschinen. https://www.lernen-wie-maschinen.ai/ki-commerce/ist-kuenstliche-
intelligenz-ein-klimakiller/  

https://www.linkedin.com/pulse/artificial-
https://doi.org/10.1007/s00146-021-
https://doi.org/10.1038/s41467-024-50088-4
https://www.simplilearn.com/advantages-and-disadvantages-of-
https://www.europarl.europa.eu/topics/en/article/20200918STO87404/artificial-
https://doi.org/10.30560/jems.v7n2p15
https://www.ibm.com/think/insights/artificial-intelligence-advantages-disadvantages
https://towardsdatascience.com/advantages-and-
https://doi.org/10.1002/advs.202100707
https://doi.org/10.1002/mde.4164
https://doi.org/10.1002/lpor.202300456
https://doi.org/10.1109/mts.2020.2991496
https://doi.org/10.3390/diagnostics13243625
https://cis01.ucv.ro/revistadestiintepolitice/files/numarul81_2024/1.pdf
https://doi.org/10.3390/su14020794
https://www.lernen-wie-maschinen.ai/ki-commerce/ist-kuenstliche-


Narcis Eduard Mitu, George Teodor Mitu 

 
 

16 

Olimid, D.A, Olimid, A.P. (2022). EU Policies on Learning Environmental Sustainability 
and Climate Change: What Social Implications for Human and Organizational 
Development and Resilience? Revista de Științe Politice. Revue des Sciences 
Politiques, 73, 114-121. 
https://cis01.ucv.ro/revistadestiintepolitice/files/numarul73_2022/11.pdf  

Ojaghlou, M., Ugurlu, E., Kadłubek, M., & Thalassinos, E. (2023). Economic Activities and 
Management Issues for the Environment: An Environmental Kuznets Curve (EKC) 
and STIRPAT Analysis in Turkey. Resources, 12(5), 57. 
https://doi.org/10.3390/resources12050057  

Panagiotopoulou, V. C., Stavropoulos, P., & Chryssolouris, G. (2021). A critical review on 
the environmental impact of manufacturing: a holistic perspective. The 
International Journal of Advanced Manufacturing Technology, 118. 
https://doi.org/10.1007/s00170-021-07980-w  

Qi, Y. (2024). Incorporation of artificial intelligence toward carbon footprint management in 
hotels to create sustainable, green hotel: Mini review. Tourism Management and 
Technology Economy, 7(1). https://doi.org/10.23977/tmte.2024.070107  

Rawas, S. (2024). AI: the future of humanity. Discover Artificial Intelligence, 4(1). 
https://doi.org/10.1007/s44163-024-00118-3  

Repsol. (2024). What is a carbon footprint and why is it important? REPSOL. 
https://www.repsol.com/en/sustainability/sustainability-pillars/climate-
change/reducing-carbon-footprint/index.cshtml  

Selin, N. E. (2024, September 21). Carbon footprint. Encyclopedia Britannica. 
https://www.britannica.com/science/carbon-footprint   

Stanciu, C.V., & Mitu, N. E. (2024). Financial levers and carbon emissions: analysing the 
debt-emission nexus in the European Union. Applied Economics, 1–20. 
https://doi.org/10.1080/00036846.2024.2393901   

Tomlinson, B. (2024). The carbon emissions of writing and illustrating are lower for ai than 
for humans. Scientific Reports, 14(1). https://doi.org/10.1038/s41598-024-54271-x  

Verdecchia, R., Sallou, J., & Cruz, L. (2023). A systematic review of green ai. Wiley 
Interdisciplinary Reviews Data Mining and Knowledge Discovery, 13(4). 
https://doi.org/10.1002/widm.1507  

Williamson, K. (2023, September). What’s the Carbon Footprint of AI? Environmental 
Impact of Training AI. 8 Billion Trees: Carbon Offset Projects & Ecological 
Footprint Calculators. https://8billiontrees.com/carbon-offsets-credits/carbon-
footprint-of-ai/#ref-8  

Xiao, D. (2023, November 14). Neuroscience-inspired continuous learning: a sustainable 
approach to AI energy challenge. https://doi.org/10.31219/osf.io/twn9q  

Yang, M., Chen, L., Wang, J., Msigwa, G., Osman, A. I., Fawzy, S., Rooney, D. W., & Yap, 
P. S. (2022). Circular economy strategies for combating climate change and other 
environmental issues. Environmental Chemistry Letters, 21(1). 55-80. 
https://doi.org/10.1007/s10311-022-01499-6  

 
Article Info 
 
Received: October 07 2024 
Accepted: November 10 2024 
 
How to cite this article: 
Mitu, N.E., Mitu, G.T. (2024). The Hidden Cost of AI: Carbon Footprint and Mitigation 
Strategies. Revista de Științe Politice. Revue des Sciences Politiques, no. 84, pp. 9 – 16. 

https://cis01.ucv.ro/revistadestiintepolitice/files/numarul73_2022/11.pdf
https://doi.org/10.3390/resources12050057
https://doi.org/10.1007/s00170-021-07980-w
https://doi.org/10.23977/tmte.2024.070107
https://doi.org/10.1007/s44163-024-00118-3
https://www.repsol.com/en/sustainability/sustainability-pillars/climate-
https://www.britannica.com/science/carbon-footprint
https://doi.org/10.1080/00036846.2024.2393901
https://doi.org/10.1038/s41598-024-54271-x
https://doi.org/10.1002/widm.1507
https://8billiontrees.com/carbon-offsets-credits/carbon-
https://doi.org/10.31219/osf.io/twn9q
https://doi.org/10.1007/s10311-022-01499-6

