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Foreword 

In recent years, artificial intelligence (AI) has soared to the top of the political and business 
agenda. Once a mostly academic pursuit, it has evolved into an industry with trillions of 
dollars at stake. Despite significant uncertainties, it is now very clear: AI is coming. In many 
sectors, it is already here.  

This has major consequences for the global energy sector. There is no AI without energy – 
specifically electricity. At the same time, AI has the potential to transform the sector’s future. 
However, policy makers and the market have often lacked the tools to fully understand these 
wide-ranging impacts. Recognising this gap, the International Energy Agency (IEA) stepped 
up to address it by leveraging our expertise in data collection and analysis, as well as our 
convening power, to inform and strengthen the global dialogue on these issues. 

We began a new workstream on the nexus of energy and AI over a year ago, which has 
resulted in a series of key activities and outputs, culminating in this special report. In 
December 2024, we held the Global Conference on Energy and AI, the largest international 
gathering on the matter to date, at our headquarters in Paris. It brought together policy 
makers, the tech sector, the energy industry and international experts to discuss the critical 
issues at play. This helped lay groundwork for the AI Action Summit, co-chaired by President 
Emmanuel Macron of France and Prime Minister Narendra Modi of India, in February 2025 
– an event to which the IEA made crucial contributions.

This special report advances the conversation further. It is the first comprehensive global 
analysis examining all aspects of the links between energy and AI – from pathways to securely 
and sustainably meeting energy demand for AI, to how AI itself could transform the 
production, consumption and transport of energy around the world. The analysis explores 
the implications of the rise of AI on energy security, investment, emissions and more – 
providing a strong factual basis for those thinking through the challenges and opportunities 
ahead. 

This report shows that electricity demand for AI is growing fast globally, even if other sources 
of demand are growing faster. In some parts of the world, the effects of AI on electricity 
systems are set to be very significant. With this in mind, we suggest three pillars countries 
should bear in mind as they plan for the future.  

The first is the importance of finding the right mix of energy sources to deliver the 
uninterrupted power supply that data centres need to support AI. According to our analysis, 
there is a role for established technologies such as renewables and natural gas, as well as 
emerging technologies like small modular nuclear reactors (SMRs) and advanced 
geothermal. Deciding which options to prioritise may depend on other policy priorities. 

Yet a sole focus on increasing electricity generation won’t be enough. To deliver the energy 
for AI, countries must also think about their infrastructure. That will mean accelerating 
investment in grids – and working to ensure that data centres, as well as the wider electricity 
system, are as efficient and flexible as possible.   
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Making this a reality will hinge on the final pillar: bolstering dialogue between policy makers, 
the tech sector and energy industry. This is an area in which the IEA is proud to have taken a 
leadership role – and will continue to do so.  

AI could also be an incredibly powerful tool for the energy sector. It is already helping energy 
companies optimise their approaches to exploration, production, maintenance and safety – 
and if AI tools are applied broadly, huge amounts of electricity transmission capacity could 
be unleashed without building a single new line. Yet our analysis shows the sector must do 
more to seize the moment. This, too, will require strong collaboration between the public 
and private sector on key issues such as building digital skills in the energy workforce. 

The unknowns that remain – from macroeconomic uncertainties to what the most popular 
AI applications will be – cannot stand in the way of action. As the digitalisation of the global 
economy advances, the energy sector and the tech industry will become increasingly 
intertwined. Our hope is that this report will help those preparing for this new era. 

I would like to commend the talented IEA team behind this analysis – with special thanks to 
lead authors Thomas Spencer and Siddharth Singh, overseen by our Director of Sustainability, 
Technology and Outlooks Laura Cozzi. Their work demonstrates the IEA’s aptitude for 
tackling key emerging topics with authority and providing stakeholders around the world 
with the energy information they need the most. 

Dr Fatih Birol 
Executive Director 

International Energy Agency 
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Executive Summary 

The transformative potential of AI depends on energy 

There has been a step change in the capabilities of artificial intelligence (AI), driven by 
falling computation costs, a surge in data availability and technical breakthroughs. AI is the 
science of making machines capable of learning to perform tasks that traditionally required 
human intelligence. AI is emerging as a general-purpose technology, much like electricity. 
Today, it can generate text and videos, accelerate scientific discovery in fields like medicine 
or materials science, make manufacturing robots smarter and more productive, drive 
commercial taxis in complex city landscapes, and detect threats to critical infrastructure.  

In the past few years, AI has gone from an academic pursuit to an industry with trillions of 
dollars of market capitalisation and venture capital at stake. The market capitalisation of 
AI-related firms in the S&P 500 has grown by around USD 12 trillion since 2022. While there 
are several uncertainties about its uptake and impact, AI’s rapid development and huge 
potential have made it central to corporate strategies, economic policies and geopolitics. 

However, there is no AI without energy; at the same time, AI has the potential to transform 
the energy sector. Affordable, reliable and sustainable electricity supply will be a crucial 
determinant of AI development, and countries that can deliver the energy needed at speed 
and scale will be best placed to benefit. Training and deploying AI models takes place in large 
and power-hungry data centres. A typical AI-focused data centre consumes as much 
electricity as 100 000 households, but the largest ones under construction today will 
consume 20 times as much.  

Policy makers and markets have lacked the tools to assess implications 

The energy sector is therefore at the heart of one of the most important technological 
revolutions today. However, there is still a lack of understanding of the stakes and 
implications of this deepening connection between energy and AI. Consistent with its strong 
track record of identifying and exploring emerging issues in the energy sector, this new 
International Energy Agency (IEA) special report seeks to fill this gap with the most 
comprehensive, data-driven analysis on the topic to date. Based on a new global model and 
comprehensive dataset of data centre electricity demand, its analysis was also enriched by 
an in-depth process of consultation with policy makers, the tech sector, the energy industry 
and other experts. 

Data centres account for a small share of global electricity consumption 
today, but their local impacts are far more pronounced  

Global investment in data centres has nearly doubled since 2022 and amounted to half a 
trillion dollars in 2024. This investment boom has led to growing concerns about 
skyrocketing electricity demand. 
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Data centres accounted for around 1.5% of the world’s electricity consumption in 2024, or 
415 terawatt-hours (TWh). The United States accounted for the largest share of global data 
centre electricity consumption in 2024 (45%), followed by China (25%) and Europe (15%). 
Globally, data centre electricity consumption has grown by around 12% per year since 2017, 
more than four times faster than the rate of total electricity consumption. AI-focused data 
centres can draw as much electricity as power-intensive factories such as aluminium 
smelters, but they are much more geographically concentrated. Nearly half of data centre 
capacity in the United States is in five regional clusters. The sector accounts for substantial 
shares of electricity consumption in local markets.  

Electricity demand for data centres more than doubles by 2030  

Data centre electricity consumption is set to more than double to around 945 TWh by 2030. 
This is slightly more than Japan’s total electricity consumption today. AI is the most important 
driver of this growth, alongside growing demand for other digital services. The United States 
accounts for by far the largest share of this projected increase, followed by China. In the 
United States, data centres account for nearly half of electricity demand growth between 
now and 2030. By the end of the decade, the country is set to consume more electricity for 
data centres than for the production of aluminium, steel, cement, chemicals and all other 
energy-intensive goods combined. Uncertainties widen further after 2030, but our Base Case 
sees global data centre electricity consumption rising to around 1 200 TWh by 2035. 

A diverse range of sources will be needed to meet demand 

Renewables and natural gas take the lead in meeting data centre electricity demand, but 
a range of sources are poised to contribute. Half of the global growth in data centre demand 
is met by renewables, supported by storage and the broader electricity grid. Renewables 
generation is projected to grow by over 450 TWh to meet data centre demand to 2035, 
building on short lead times, economic competitiveness and the procurement strategies of 
tech companies. Dispatchable sources, led by natural gas, also have a crucial role to play, 
with the tech sector helping to bring forward new nuclear and geothermal technologies as 
well. Natural gas expands by 175 TWh to meet growing data centre demand, notably in the 
United States. Nuclear contributes about the same amount of additional generation to meet 
data centre demand, notably in China, Japan and the United States. The first small modular 
reactors come online around 2030. 

Data centres are one of several drivers of accelerated electricity demand 
growth in the Age of Electricity  

Data centres account for around one-tenth of global electricity demand growth to 2030, 
less than the share from industrial motors, air conditioning in homes and offices, or electric 
vehicles. However, the significance of data centres in driving electricity demand differs by 
country. Emerging and developing economies are already experiencing rapid electricity 
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demand growth. In these countries, data centres account for around 5% of the increase in 
electricity demand to 2030. Advanced economies, on the other hand, have seen several 
decades of essentially stagnant electricity demand. In this group of countries, data centres 
account for more than 20% of demand growth to 2030, presenting a wake-up call on the 
need to put the electricity sector on a growth footing again. 

Smarter is faster when it comes to integrating data centres in electricity grids 

Electricity grids are already under strain in many places: we estimate that unless these risks 
are addressed, around 20% of planned data centre projects could be at risk of delays. Grid 
connection queues for both supply and consumption projects, including data centres, are 
long and complex. Building new transmission lines can take four to eight years in advanced 
economies and wait times for critical grid components such as transformers and cables have 
doubled in the past three years. Generation equipment is also in high demand. Turbine 
deliveries for new gas-fired power plants now face lead times of several years, potentially 
delaying their commissioning beyond 2030. If the electricity sector does not step up, there is 
a risk that meeting data centre load growth could entail trade-offs with other goals such as 
electrification, manufacturing growth or affordability.   

Key options to mitigate these risks include locating new data centres in areas of high power 
and grid availability, and operating either data centre servers or their onsite power 
generation and storage assets more flexibly. These strategies are still underexplored. An AI- 
focused data centre is 10 times more capital-intensive than an aluminium smelter, which 
means curtailing its operations to provide flexibility to the grid is very costly. But many data 
centres operate with a buffer of spare server capacity. Regulators could explore measures to 
incentivise data centre operators to use spare server capacity or their backup power 
generation or storage assets more flexibly. Grid operators could also examine incentives to 
locate data centres in areas where grids are less constrained. We find that 50% of data 
centres under development in the United States are in pre-existing large clusters, potentially 
raising risks of local bottlenecks.  

There are large uncertainties in the outlook for AI-related electricity demand 

There are uncertainties in how quickly AI will be adopted, how capable and productive it 
will become, how fast efficiency improvements will occur, and whether bottlenecks in the 
energy sector can be resolved. These uncertainties are explored in sensitivity cases. A Lift-
Off Case assumes higher rates of AI uptake and proactive action to reduce energy sector 
bottlenecks. A Headwinds Case incorporates bottlenecks – including macroeconomic 
headwinds – in the uptake of AI and the buildout of energy infrastructure to power it. Our 
High Efficiency Case highlights the potential for even stronger gains in the efficiency of AI-
related hardware and AI models. In this case, electricity demand from data centres is 20% 
lower in 2035 than in the Base Case. By 2035, the range of data centre electricity demand 
across our cases spans from 700 to 1 700 TWh. The increase in gas-fired power to meet data 
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centre demand in our Lift-Off Case is four times higher than in our Headwinds Case. Growth 
in nuclear output to meet data centre demand varies even more.   

AI could unlock major efficiency and operational gains for the energy sector 

AI is already being deployed by energy companies to transform and optimise energy and 
mineral supply, electricity generation and transmission, and energy consumption. There 
are numerous objectives in play, including reducing costs, enhancing supply, extending asset 
lifetimes, reducing downtime and lowering emissions. 

The oil and gas industry has been an early adopter of AI, using it to optimise exploration, 
production, maintenance and safety. In exploration and development, AI can make the 
evaluation of resources more reliable and reduce predrilling uncertainty. In operations, it is 
being used to optimise and automate production processes, detect leaks, predict 
maintenance needs, and support efforts to reduce methane emissions. 

AI can help to balance electricity networks that are growing more complex, decentralised 
and digitalised. AI can improve the forecasting and integration of variable renewable energy 
generation, reducing curtailment and emissions. AI-based fault detection can help rapidly 
identify and precisely pinpoint grid faults, reducing outage durations by 30-50%. Remote 
sensors and AI-based management can increase the capacity of transmission lines. Up to 175 
gigawatts (GW) of transmission capacity could be unlocked if these tools are applied, without 
any new lines being built. This is more than the increase in the data centre power load to 
2030 in the Base Case.    

The industry of the future will be increasingly digitalised and automated; countries and 
companies that take the lead in integrating AI into manufacturing will jump ahead. AI 
applications can accelerate product development, lower costs and increase quality. 
Widespread adoption of existing AI applications to optimise processes in industry can lead 
to energy savings equivalent to more than the total energy consumption of Mexico today. 
European companies have over half of the market share for industrial automation solutions, 
which are the critical enabler for industrial AI deployment.   

AI applications in transport can improve efficiency and save costs, but they could also 
increase demand for personal mobility. AI applications are being used to manage traffic, 
optimise routes, predict maintenance needs and develop autonomous vehicles. The 
widespread adoption of AI applications across the transport sector could lead to energy 
savings equivalent to the energy used by 120 million cars. While autonomous vehicles 
operate more efficiently than conventional ones, they might also attract people away from 
public transport as costs fall and availability increases, leading to rebound effects.  

In buildings, there is significant potential for AI-led optimisations to make heating and 
cooling systems more efficient and electricity use in buildings more flexible. Barriers to 
realising this potential include fragmented ownership of buildings, lack of digitalisation and 
inadequate incentives. If scaled up, existing AI-led interventions could lead to global 
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electricity savings of around 300 TWh, equivalent to annual electricity generation today for 
Australia and New Zealand combined. 

Accelerated innovation could be one of the most significant longer-term 
impacts of AI on the energy sector 

AI is emerging as a powerful tool for scientific discovery, helping researchers to find, test 
and commercialise innovations faster. In biomedicine, for example, AI led to a 45 000-fold 
acceleration in the mapping of protein structures – critical for designing new drugs. 
Innovation lead times for new energy technologies often span decades. Reducing this period 
will be key to achieving energy sector goals such as sustainability and competitiveness. Yet 
only 2% of the equity raised by energy start-ups has gone to companies with an AI-related 
value proposition.       

Energy innovation challenges are characterised by the kinds of problems AI is good at 
solving. For example, only 0.01% of next-generation solar PV materials have been 
experimentally produced, leaving a huge set of possible materials still to be explored. AI 
could allow scientists to dramatically accelerate the process of finding and testing promising 
materials, battery chemistries and carbon capture molecules. Policy will be required to 
support AI-led invention and also accelerate commercialisation, which is often a bigger 
impediment to new products than the discovery phase. 

The energy sector is not yet making the most of AI 

Energy is amongst the most complex and critical sectors in the world today, yet it can and 
should do more to seize the potential benefits of harnessing AI. The energy sector faces 
barriers to realising the widespread adoption of AI, including missing or inadequate access 
to data and digital infrastructure and skills, as well as persistent digital and physical security 
concerns, which often trump potential efficiency gains. The prevalence of AI-related skills is 
much lower in the energy sector compared with other sectors. Policy and regulatory changes 
will be needed to enable the energy sector to seize the benefits of AI. 

AI could sharpen some energy security concerns and help address others 

The supply chains for the components going into data centres are complex and globalised. 
For example, gallium is an increasingly critical metal used in cutting-edge computer chips and 
power electronics, offering significant efficiency benefits compared with traditional silicon-
based semiconductor designs. China currently accounts for around 99% of global refined 
gallium supply. Our estimates indicate that in 2030, demand for gallium for data centres 
could reach over 10% of today's supply.  

AI compounds some energy security risks, but it also offers solutions in both the cyber and 
physical domains. As AI capabilities increase, so does the capacity for them to be used and 
misused by various actors. Cyberattacks on energy utilities have tripled in the past four years 
and have become more sophisticated because of AI. At the same time, AI is becoming a 
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Chapter 1 

The rise of AI and its nexus with energy 
A new paradigm emerges 

 

• Artificial intelligence (AI) is emerging as one of the most consequential technologies 
of the 21st century. Recent breakthroughs have injected enormous momentum. The 
amount of computation used to train a state-of-the-art AI model has increased by 
around 350 000 times since 2014. AI can already generate text, videos and audio; 
predict complex systems like the weather; make robots smarter and more flexible; 
automate online workflows; and sense and interpret the physical world. 

• As models have become much more capable, AI has become an industry with billions 
of dollars of annual investment and trillions of dollars of financial market value at 
stake. Of the USD 16 trillion increase in market capitalisation of S&P 500 companies 
since 2022, USD 12 trillion has come from AI-related companies. 

• Among large companies, AI adoption rates rose from slightly over 15% of firms using 
AI in 2020 to nearly 40% in 2024. However, smaller firms use AI much less, with 
missing expertise appearing to be a key constraint. Among households, AI use is highly 
globalised: over 40% of online populations in countries as diverse as Brazil, India, 
Indonesia and the United States report regularly using generative AI. 

• AI is a product of extremely complex supply chains. The machine tools used to make 
high-end chips are among the most complex machines in existence today, and their 
production is dominated by Europe. Chip production is concentrated in East Asia, with 
the largest company holding a 65% share. The United States dominates AI model 
development and deployment, although China has also made strides recently. 

• The rise of AI has huge implications for energy. AI model training and use takes place 
in large data centres, with global investment in these facilities doubling since 2022. A 
large data centre can consume as much electricity as 100 000 households. The largest 
currently under construction could consume as much as 2 million households. 

• Hardware and software efficiencies of AI models are improving rapidly. In test 
conditions, we estimate that querying an AI model currently takes around 2 watt-
hours for language generation, at least twice that for large reasoning models like 
DeepSeek-R1, and around 25 times as much to generate a short video. Real-world 
implementation may be more efficient, but lack of data on the energy consumption 
of commercial models inhibits assessment.  

• This report explores how much energy AI will need, what the uncertainties are in the 
outlook, and what sources will help meet this demand. It addresses how AI can be 
applied in the energy sector and how it can contribute to making the energy system 
more secure, affordable and sustainable. It also explores the broader ramifications for 
energy security, innovation and investment, and the energy policy landscape.  

S U M M A R Y  
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1.1 Introduction  

Artificial intelligence (AI) is emerging as one of the most consequential technologies of the 
21st century. It has the potential to transform society and the economy. It also has significant 
implications for the energy sector. The world – including the energy sector – may be on the 
cusp of changes as significant as those brought about by electricity or the Internet. 

Seizing the potential benefits of AI will depend on a better understanding of both the risks 
and opportunities – and this holds for the energy sector too. On the one hand, rapidly 
growing investment in data centres is already straining grids in some places and raising 
concerns about the ability of the electricity system to meet a surge in demand. On the other 
hand, there are many potentially beneficial use cases for AI in the energy sector, from 
accelerating technological innovation and optimising the operation of electricity systems to 
making resource exploration more efficient and improving weather forecasting and the 
resilience of energy systems to disruptions. 

The International Energy Agency (IEA) has been working on the nexus between energy and 
digitalisation and data centres for several years. The IEA first published a special report on 
digitalisation and energy in 2017 (IEA, 2017), and has been expanding its analytical and 
modelling capacities, data collection and policy recommendations in this field since then. 
Recognising the need for global dialogue on energy and AI, the IEA organised the Global 
Conference on Energy and AI in December 2024, the largest-ever gathering of the technology 
and energy industries, governments and civil society to discuss the energy sector implications 
of the rise of AI. This conference in turn contributed to the AI Action Summit held in Paris in 
February 2025. 

This special report on energy and AI analyses further the major themes that emerged from 
the conference. It aims to answer two related questions. First, how much energy will AI need 
and what sources will help meet this demand? And second, how can applying AI in the energy 
sector contribute to making the energy system more secure, affordable and sustainable? 

The report is divided into five chapters: 

 This introductory chapter looks at the broader context of the rise of AI and makes the 
link between energy and AI. 

 Chapter 2 analyses the trends in energy demand from data centres and how to meet it. 

 Chapter 3 looks at the application of AI to optimise the energy sector. 

 Chapter 4 addresses the role of AI in advancing technology innovation in the energy 
sector. 

 Chapter 5, the final chapter, discusses the implications of these trends for governments, 
industry and people. 
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reported to be planning as much as USD 300 billion in AI-related capital expenditure in 2025. 
This is over 20% higher than the total power sector investment in the United States. Box 1.1 
explores the interplay between AI-driven investment in data centres and its implications for 
the energy sector.  

Box 1.1 ⊳ Rising ICT investment: a longer-term perspective  

Investment in capital- and energy-intensive data centres depends, among other factors, 
on expectations for future AI demand and future earnings from AI monetisation. For this 
reason, the energy sector has an important stake in the debate on the economic outlook 
for AI. Surging investment, high equity prices and lofty valuations for unlisted start-ups 
have raised concerns about whether AI could be a “bubble”.  

In recent years, information and communication technology (ICT) investment as a share 
of gross domestic product (GDP) in the United States has been at the highest it has been 
in three decades. The previous peak was in 2000, during the “dotcom bubble” 
(Figure 1.3). The recent uptick seen since 2015 has been led by a rise in investment in 
corporate software and in data centres and networks. 

Figure 1.3 ⊳ Investment in ICT-related assets and infrastructure as a share 
of GDP, United States, 1995-2023 

 
IEA. CC BY 4.0. 

ICT investment has grown to around 5.5% of US GDP in recent years,  
higher than at any other time since the 2000 dotcom bubble 

Source: IEA analysis based on data from US Bureau of Economic Analysis (2024). 

Historically, several major technological innovations have been accompanied by large 
waves of capital investment. In some cases, exuberant investment temporarily ran ahead 
of demand, but the resulting infrastructure ultimately proved highly productive. The 
diffusion of transformative technologies can take time, requiring adaptation of enabling 
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Since 2022 and the launch of ChatGPT, the breakthrough commercial product for generative 
AI, the use of generative AI, such as text- or image-based tools, has surged. Within two years 
of ChatGPT’s launch, around 40% of households in the United States and the United Kingdom 
were using such tools. ChatGPT had 400 million weekly active users globally in February 
2025. Building on infrastructure availability, ownership of computing devices and familiarity 
with software, it was able to reach its first 1 million users within five days of launch, 
compared with 2-10 months for popular social media applications. AI tools are now being 
widely integrated into mainstream software applications, including email, chat and social 
media.  

AI uptake is already quite globalised. As a share of the online population, over 50% of survey 
respondents report using generative AI at least weekly in countries like Brazil, India, 
Indonesia, Kenya and Pakistan. Among people who are already online, the adoption rate of 
generative AI is higher among lower-income countries. However, a significant share of the 
population in lower-income countries does not have regular access to the Internet (less than 
one in three in Kenya and Pakistan, for example), so overall adoption at the population level 
remains lower. The role of AI in emerging market and developing economies is explored 
further in Chapter 5.  

Figure 1.5 ⊳ Growth in the use of digital technologies in the workplace since 
the year of first commercial release, United States 

IEA. CC BY 4.0. 

There has been a rapid uptake of generative AI applications in the workplace, enabled by 
the widespread adoption of personal computers and the Internet in US workplaces  

Note: For personal computers, year zero is 1981, the year the first IBM Personal Computer was released; for 
the Internet, year zero is 1995, the year the Internet first carried commercial traffic; for generative AI, year 
zero is 2022. 

Sources: IEA analysis based on data from Bick et al. (2024). 
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Figure 1.8 ⊳ Percentage of large firms reporting not using AI by reason, 
European Union, 2024 

 
IEA. CC BY 4.0. 

Missing expertise is the dominant reason that firms do not adopt AI today, 
 followed by privacy and legal concerns 

Source: IEA analysis based on data from Eurostat (2025). 

1.3 What is AI? 

There is no single and universally accepted definition of AI. The understanding of what it 
constitutes has evolved with the development of the technology. In simple terms, AI can be 
defined as the science of making machines that are capable of learning to perform tasks that 
are traditionally considered to require human intelligence. Today, AI differs from traditional 
computational techniques that solely rely on explicitly programmed instructions. AI, by 
contrast, focuses on learning from data to find patterns, make predictions and perform 
actions. AI systems improve over time through training. 

The development of AI over the years can be structured into three archetypes: 

 Rules-based or symbolic AI: This is one of the earliest approaches to AI, which refers to 
AI systems that use explicitly programmed rules and logic to process information, make 
decisions or solve problems. This approach was rooted in the belief that intelligence 
could be captured in formal rules and symbolic logic. While both traditional computing 
and symbolic AI rely on explicitly programmed rules, symbolic AI can handle more 
complex and less well-defined tasks. This form of AI dominated research in this field for 
several decades until the 1990s. Chess engines such as DeepBlue, which defeated chess 
world champion Gary Kasparov in 1997, are examples of rules-based AI. However, rules-
based systems proved difficult to scale, brittle in the face of unexpected or open-ended 
situations and highly labour intensive to develop. 
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 Machine learning and reinforcement learning: Machine learning refers to algorithms 
that learn patterns and make decisions from data without being explicitly programmed 
to do so. Instead of relying on predefined rules as in rules-based AI, machine learning 
systems build statistical models to identify patterns, predict outcomes and improve their 
performance over time through experience. Reinforcement learning refers to machine 
learning systems that learn to achieve specific objectives through trial and error. 

 Neural networks and deep learning: A neural network is a computational model 
inspired by the way the human brain works. Neural networks – a type of model under 
the machine learning umbrella – consist of layers of interconnected nodes or “neurons” 
that receive and process information. The network receives information from an 
external stimulus (e.g. an image of the number nine), processes that information by 
passing it through the nodes in each layer of the neural network, and the final layer 
provides the calculated output (e.g. recognises that the numeral in the image is the 
number nine). Deep learning refers to neural networks that have multiple “hidden” 
computational layers between the input and output layers. One of the first practical 
applications of neural networks was a numeral recognition network deployed to read 
the numbers on bank cheques in the early 1990s. 

More powerful neural networks were held back by the high computational requirements of 
training and running them, the algorithmic challenges of training multilayered networks to 
learn from data and the lack of data for training. In the 2000s, breakthroughs in training 
algorithms, improvements in computing performance and the proliferation of data led to the 
take-off of neural networks as the dominant paradigm in AI. Today’s neural networks can be 
massive, with hundreds of billions of parameters trained on trillions of data points in training 
runs that can encompass more than a trillion trillion (1024) calculations. 

Today’s AI-based systems and applications such as AI chatbots are often built on a 
combination of techniques, and there is therefore no black-and-white distinction between 
the approaches described above. 

1.3.1 Types of AI  

AI can also be classified in terms of the kinds of tasks it can perform. Although, again, there 
are overlaps among these categories, today’s AI systems can be usefully classified under the 
following commonly used terms: 

Predictive AI: Predictive AI refers to the use of AI models to predict future outcomes. It has 
applications in scientific modelling, weather forecasting, predictive maintenance of energy 
infrastructure and finance. A recent application of predictive AI that has gained prominence 
is AlphaFold, which predicts the three-dimensional structures of proteins based on their two-
dimensional sequence of amino acids. Given that the three-dimensional structures of 
proteins determine their behaviour, predicting these structures can accelerate drug 
discovery (see Chapter 4). Another example of a predictive AI model is GraphCast, which 
combines the rules of classical physics with machine learning to develop faster, cheaper and 
more accurate weather forecasts. 
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Generative AI: Generative AI refers to applications that focus on generating new content, 
such as text, images, audio and video. ChatGPT, referred to previously, is an example of a 
generative AI application, although there is a plethora of such applications in use today. Their 
popularity has brought into focus the energy needs of data centres used to train and run such 
models (see Chapter 2). While generative AI can be further categorised into numerous 
different variants, the following categories are worth noting: 

 Language models take text inputs and generate text outputs. 

 Multimodal models can also process inputs in one or more non-text forms, such as 
image, video or audio, and provide outputs in various forms (e.g. video generation). 

 Large reasoning models are variations of language models that use longer and more 
structured reasoning steps to provide more accurate answers. They perform particularly 
well on complex, multistep but well-structured problems like coding or mathematics. 
This practice of deploying longer reasoning chains to answer questions is known as 
“inference-time scaling” or “test-time scaling”. OpenAI’s o1 model and DeepSeek’s R1 
model are examples of large reasoning models. 

Computer vision: Computer vision focuses on enabling machines to interpret and 
understand visual data, such as images and videos, in a way that mimics human vision. 
Computer vision leverages AI techniques, particularly deep learning and machine learning, 
to perform tasks like object detection, facial recognition, image classification and image 
interpretation. It is widely used in applications such as self-driving cars, medical imaging, 
security and augmented reality. 

Physical AI: Physical or embodied AI refers to systems that physically interact with the real 
world, such as autonomous cars, robots and drones. Whereas classical industrial robots are 
programmed to perform only one task in a highly controlled environment, the machine 
learning capacities of modern AI systems are expanding the capability of physical AI systems 
to learn from their environment and operate in more open-ended and uncertain situations. 
In the energy sector, applications of physical AI include autonomous cars, automated drones 
to inspect energy infrastructure for faults and highly automated (self-driving) laboratories to 
test new energy technologies such as battery chemistries (see Chapter 4). 

Agentic AI: Agentic AI is a broad term encompassing autonomous “agents” designed to 
execute specific tasks, particularly in virtual environments. It helps to automate workflows 
and business processes. For example, the virtual voice assistants that are commonly seen on 
mobile devices are instances of agentic AI. In the energy sector, examples of agentic AI 
include systems that use AI to dynamically control energy consumption in buildings or the 
charging of electric vehicles. 

1.3.2 The AI supply chain 

The supply chain that ultimately leads to the application and deployment of AI is highly 
complex, geographically concentrated and yet very international. It involves several 
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components, including massive data centres that can consume as much electricity as a small 
town; critical and rare earth minerals required for the components found in these data 
centres; individual chips that can have tens or even hundreds of billions of transistors (or 
switches); and complex lithography machines costing hundreds of millions of dollars that 
etch microscopic patterns at atomic scales onto silicon chips, which in turn are made out of 
high-purity sand.  

As companies across sectors globally are beginning to deploy AI in their systems, it is 
worthwhile exploring the processes that enable the use of AI in the first place. Large-scale AI 
models trained on vast datasets are being developed by companies such as OpenAI, Meta, 
Google (Alphabet), MistralAI, NVIDIA and Baidu. While some of these companies are based 
in Europe and Asia, AI-focused technology companies based in the United States hold a 
dominant position in the market.  

The training for these models involves the use of massive datasets, substantial computing 
power, specialised hardware and dedicated systems. AI model training and use can take 
place on-device, such as on laptops and smartphones or in smart cars (known as “at the 
edge”), or remotely in data centres. Larger AI models are too complex to be trained or run 
on laptops and mobile phones and are therefore processed in data centres. These data 
centres consist of servers (which integrate the computing chips), memory drives, high-
bandwidth networks (moving huge amounts of data between chips and memory or between 
servers), cooling systems keeping the servers at optimal temperature and backup power 
systems to ensure reliability (see Chapter 2). A large share of these specialised data centres 
are based in the United States, with hubs in Northern Virginia, Texas and California, but many 
are also located in hubs such as Shanghai in China, or Paris, Dublin, London and Frankfurt in 
Europe.  

The fundamental physical building blocks of AI infrastructure are computer chips. Traditional 
computing in laptops and desktops is dominated by central processing units (CPUs). AI-
related computing has been built around graphics processing units (GPUs) and other 
specialised chips, such as tensor processing units (TPUs). GPUs, which currently dominate AI-
related computations, are designed for extremely rapid parallel processing, which results in 
much faster and more energy-efficient processing for AI training and deployment. Most GPU 
manufacturers offer specialised models with significantly increased performance for AI 
training. Dominant players that design these chips include NVIDIA, Broadcom, AMD and Intel. 
The market leaders among chip designers are also largely based in the United States. These 
chips, once designed, are manufactured either by the integrated device manufacturers that 
both design and manufacture them, such as Intel, or foundries that specialise in 
manufacturing them, such as TSMC and Samsung Foundry. Most chips used in AI-focused 
data centres are manufactured in foundries based in Chinese Taipei and Korea. TSMC 
currently holds a dominant position in the market, with a commanding 65% share of foundry 
revenue in 2024. 
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Figure 1.9 ⊳ Select AI infrastructure and types of applications 

 
IEA. CC BY 4.0. 

AI is supported by a highly complex global supply chain  

These AI-focused chips, in turn, are manufactured using highly complex machines. Advanced 
extreme ultraviolet lithography machines, such as those produced by ASML, are crucial for 
creating the intricate circuit patterns on AI-focused chips. This process involves using light to 
etch switches onto silicon wafers. ASML, headquartered in the Netherlands, is the market 
leader in manufacturing these machines. The optical systems – which are among the most 
critical of the core components of ASML’s lithography machines – are, in turn, manufactured 
by the German company Carl Zeiss. These are only a few of the key components that enable 
AI. The supply chains of various other parts of the puzzle, such as silicon wafers and data 
centre cooling systems, are also highly international. AI is therefore a global enterprise, even 
as parts of it are heavily concentrated in certain regions.  

1.3.3 Types of AI infrastructure 

Conventional data centres house general-purpose servers that support a wide range of 
applications, from cloud computing and web hosting to financial transactions. These facilities 
typically prioritise reliability, energy efficiency and low latency (i.e. the time delay between 
input and output). Because of the premium placed on low latency in traditional data centre 
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services, such as video streaming and web hosting, data centres tended to cluster close to 
final demand and population centres. This also tended to limit their size. 

Table 1.1 ⊳ Characteristics of selected types of computing infrastructure 

 
 

Traditional 
supercomputer AI training cluster AI inference cluster Cloud computing and 

web content servers  

Primary 
purpose 

Scientific discovery, 
national security 

AI model training AI model deployment 
and use 

Hosting and delivering 
web media  

Example 
use cases 

Climate modelling, 
nuclear simulations, 
oil and gas 
exploration, 
molecular modelling 

Large language model 
training 

AI chatbots and 
generative AI 
applications 

Video streaming 

Computing 
architecture  

CPU-centric, 
extremely high 
parallelism, high-
performance 
interconnect 

GPU-centric, 
extremely high 
parallelism, high-
performance 
interconnect 

Heterogeneous (mix 
of CPU/GPU/TPU/ 
ASIC), moderate 
latency 

CPU-centric, distributed 
caching, load balancing, 
edge computing 

Optimisation 
objective 

Maximise sustained 
computing across a 
highly parallel system 

Maximise aggregate 
computing and data 
throughput across a 
massively parallel 
system 

Maximise throughput 
and efficiency; 
latency tolerance 
depends on the 
application but is 
generally higher 

Minimise latency, 
maximise uptime, 
ensure scalability 

Datasets Large, often 
structured datasets 
(e.g. experimental 
data, climate models) 

Massive, often 
unstructured 
datasets (e.g. text or 
image corpora) 

High volume of 
individual requests 
(e.g. search queries 
and individual 
recommendations) 

Large-scale structured/ 
unstructured data (e.g. 
user content, media 
assets, web pages) 

Performance 
metrics 

FLOPS, sustained 
performance 

Single- and half-
precision FLOPS 

Queries per second, 
latency, performance 
per watt 

Requests per second, 
uptime, bandwidth 
utilisation, response 
time 

Resource 
requirements 

High capital 
expenditure, 
specialised facilities, 
skilled workforce 

Extremely high 
capital expenditure, 
specialised facilities, 
skilled workforce 

Moderate to high 
capital expenditure, 
depending on scale  

Scalable cloud 
infrastructure, 
distributed data 
centres, moderate to 
high capital expenditure 

Example 
systems 

Frontier (ORNL), 
Fugaku (RIKEN), 
Leonardo (CINECA) 

NVIDIA DGX 
SuperPOD, xAI 
Colossus 

Amazon Inferentia Amazon CloudFront 
Web Servers 

Note: ASIC = application-specific integrated circuit; CPU = central processing unit; FLOPS = floating-point 
operations per second; GPU = graphics processing unit; TPU = tensor processing unit.  

As AI workloads have grown more complex, specialised computing infrastructure has 
emerged to handle the unique demands of training and deploying AI models. AI training 
clusters are optimised for deep learning to process massive datasets in parallel and maintain 
high fault tolerance. AI training is less latency-sensitive than traditional data centre 
workloads, leading to the development of data centres outside existing clusters. Once 
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models are trained, they are deployed for real-world use. Different kinds of AI use cases have 
different latency tolerances. For example, in autonomous vehicles, the latency tolerance is 
close to zero because of the need for instantaneous decision making and, thus, models are 
typically run on hardware in the car itself. Conversely, queries to a generative AI model like 
ChatGPT have higher latency tolerance, allowing the data centres processing these queries 
to be more distributed.  

Table 1.1 provides an overview of four types of computing infrastructure, namely traditional 
high-performance supercomputers for scientific applications, AI training clusters, AI 
inference clusters, and cloud computing and web content servers. In addition, there are 
other categories of computing infrastructure that we do not explore further, such as 
telecommunications and 5G core network nodes, and units dedicated to processing 
blockchain and cryptography.  

1.3.4 How capable is AI and can we measure it? 

AI capabilities have been evolving rapidly. AI models and applications have been steadily 
adding new capabilities, giving users access to tools that approach or even exceed human-
level capabilities on some tasks and in some contexts. Ultimately, energy demand from AI 
will depend on, among other factors, the speed and scale of uptake, which in turn depends 
on AI’s usefulness and impact. The energy sector therefore needs to grapple with the 
capabilities of AI systems as it considers the outlook for AI adoption. This section presents a 
brief synthesis while acknowledging that the field is moving very fast.  

It is critical to note that significant caution must be applied when comparing human 
capabilities with those of AI. In its current state, AI is trained and optimised to do specific 
tasks, while human intelligence is adaptive, flexible and generalised across domains. AI 
focuses on pattern recognition and can only mimic thought and reasoning. There are also 
several challenges in defining benchmarks to test even restricted cognitive skills. For these 
reasons, any comparison between AI and humans should focus on the skills and outcomes 
related to specific tasks and take into account the difficulty of designing effective test 
benchmarks. 

AI systems were first able to approach and then exceed human capabilities in domain-
specific, highly data-intensive fields with clear rules and goals. The archetypal example of 
such a domain is games that involve strategy. One example is the game of Go, which is far 
more complex than chess – too complex for the approach taken by traditional chess engines 
based on “brute force” calculation and pre-programmed game rules. Modern AI capabilities 
were fully on display in 2016 when AlphaGo beat the Go world champion. This was a 
significant moment in the development of AI as it demonstrated the ability of mainstream AI 
techniques (reinforcement learning and neural networks) to exceed human capabilities in a 
game that involved intuition and strategy. The highest-rated Go player has a rating of 3 890, 
while AI model AlphaGo Zero has reached a rating of 5 185. These abilities to model vast but 
structured solution spaces extend to scientific domains, such as modelling the complex 
properties of materials or molecules. 
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Figure 1.10 ⊳  AI performance in selected archetypal benchmarks, 2024 

 
IEA. CC BY 4.0. 

As AI capabilities continue to evolve, some AI systems today are already  
able to perform better than the highest-scoring humans in certain tasks 

Notes: Go = the game of Go; Elo rating = a ranking system for players in games like chess and Go; GPQA = the 
Graduate-Level Google-Proof Q&A Benchmark, consisting of highly challenging multiple-choice questions in 
biology, physics and chemistry; Blocks world = a benchmark involving simple planning challenges in a 
simulated physical environment. For the Blocks world AI score, we have chosen to give the score for Mystery 
blocks world. For autonomous driving, level 4 = full autonomy in a limited set of contexts, level 5 = full 
autonomy in all contexts. 

Sources: IEA analysis based on data from EpochAI (2025a), Silver, et al. (2018), Valmeekam et al. (2023, 2024). 

In recent years, frontier AI systems have begun to approach or exceed human-level 
capabilities on tasks related to knowledge classification, summarisation and retrieval. For 
these tasks, their huge knowledge bases result in high performance (i.e. close to or above 
expert human level) across multiple academic disciplines. For example, the best AI systems 
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Ultimately, while AI capabilities seek to mimic human abilities, benchmark tests do not yet 
help us comprehensively measure how AI models might perform vis-à-vis a human. Yet, for 
all their limitations, benchmarks offer a window into the evolving capabilities of AI models 
that can complement data on real-world deployment. 

Figure 1.11 ⊳ Accuracy of AI models in selected benchmarks, 2018-2024  

 
IEA. CC BY 4.0. 

While AI benchmarks have several limitations and must be carefully interpreted,  
AI models have been showing improved performance on key benchmark tests over time  

Notes: The y-axis refers to the accuracy of models in the benchmark test under consideration. It does not 
compare the ability of a model vis-à-vis a human. The benchmark test measuring coding ability is HumanEval 
(Code Generation). The benchmark test measuring scientific understanding is the Graduate-Level Google-
Proof Q&A Benchmark (GPQA). The benchmark test measuring mathematics is the Mathematics Assessment 
of Textual Heuristics (MATH) Level 5. The benchmark test measuring visual understanding is Visual 
Commonsense Reasoning (VCR). 

Sources: IEA analysis based on data from EpochAI (2025a), Papers With Code (2025), and Stanford University 
(2024). 

1.4 Energy for AI and AI for energy  

In the energy sector, AI has numerous applications that can improve efficiency, reduce costs 
and drive innovation. Examples include faster, cheaper and more accurate weather 
forecasting for predicting the output of wind and solar photovoltaic plants, real-time 
monitoring and optimisation of transmission lines and the use of AI to discover new battery 
chemistries. Chapters 3 and 4 of this report explore extensively the application of AI for the 
optimisation of today’s energy system and innovation in novel energy technologies.  

At the same time, AI is also energy intensive. Globally, data centres consumed around 1.5% 
of electricity consumption in 2024. AI is only one of a range of workloads that data centres 
perform, but in anticipation of growing demand for AI-related services, investment in data 
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Figure 1.14 ⊳ Electricity intensity of wafer production by process step and 
node type and server electricity demand 

  
IEA. CC BY 4.0. 

New, more complex chip types require more energy, especially for lithography and 
deposition, but manufacturing amounts to less than 20% of the total life-cycle demand  

Notes: nm = nanometre. “Other” includes auxiliary processes, e.g. for cooling and water preparation in the 
factory. “Operation” considers a server lifetime of five years. 

Sources: IEA analysis based on Garcia Bardon, et al. (2021), Boavizta (2021), and Dell (2019).  

The production of chips is highly concentrated geographically. More than 70% is located in 
East Asia (BCG and SIA, 2021). Globally, the semiconductor industry is currently estimated to 
consume more than 100 terawatt hours (TWh) of electricity per year (Greenpeace, 2023), 
equivalent to around 1% of global industrial electricity demand. However, the impact is much 
higher in certain geographies: for example, TSMC consumed more than 20 TWh in 2023, 
which accounted for almost 10% of electricity consumption in Chinese Taipei. Most 
semiconductors are used for other purposes, but data centres and especially AI are expected 
to be the key drivers of semiconductor demand in the years to come. 

Indirect emissions from the consumption of electricity are the most significant component 
of emissions from hardware manufacturing. The high share of coal-fired electricity 
generation in many important manufacturing countries leads to a high emissions footprint 
for indirect emissions. Minor use of fossil fuels, usually around 5%, and process gases are the 
main sources of direct emissions.  

The construction of data centres and transport of intermediate materials in the supply chain 
have a minor impact on the hardware footprint. The data centre construction, including the 
materials required, accounts for less than 2% of life-cycle emissions.  
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Box 1.3 ⊳ A bag of heuristics to go from tasks to TWh 

Humans use heuristics (rules-of-thumb) as important tools in our reasoning processes. 
There is some evidence that AI models do too. Heuristics can be useful, but care needs 
to be taken to ensure that they are not overly simplified and are applied in the right 
situation. Here we use heuristics to understand the relationship between electricity 
demand from data centres and their potential output.  

Looking ahead, electricity demand from data centres, driven in particular by AI, is 
projected to grow by several hundred TWh (see Chapter 2). This box tries to answer the 
question: how much inference demand for generative AI would it take to consume 
100 TWh of electricity? For reference, in 2023, the largest four hyperscalers (Google, 
Amazon, Meta and Microsoft) had a combined data centre electricity consumption in the 
order of 90 TWh.  

 A large language model, with optimised implementation, could generate more than 
4 250 trillion words of output with 100 TWh of input. For comparison, this is 
equivalent to around 110 million copies of the Encyclopaedia Britannica. 

 An image generation model could generate around 55 trillion images with around 
100 TWh of input. 

 A video generation model could generate in the order of 950 million hours of videos 
with 100 TWh of input. To put this in perspective, Netflix viewers streamed around 
94 billion hours of content in the second half of 2024.  

These numbers provide rough orders of magnitude of the scale of generative AI outputs 
that could be produced with 100 TWh of electricity input. They highlight that this scale 
of generative-AI driven electricity demand is plausible once multimodal outputs are 
stacked together (text, image, video). These estimates should be seen as rough 
approximations, because real-world model implementations may be more efficient than 
the experimental conditions that were used for this report. On the other hand, 
commercial models also tend to be more powerful and therefore possibly more energy 
intensive than the open-source models we tested in this report. 
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Chapter 2 

Energy for AI 
The evolution of energy demand and how to meet it 

 

• Artificial intelligence (AI) model training and deployment occur mainly in data centres. 
In total, electricity consumption from data centres is estimated to amount to around 
415 terawatt hours (TWh), or about 1.5% of global electricity consumption in 2024. It 
has grown at 12% per year over the last five years. 

• Our Base Case projections for data centre electricity consumption are grounded in the 
latest industry expectations for server shipments. Three sensitivity cases (Lift-Off, 
High Efficiency and Headwinds) capture uncertainties in efficiency improvements in 
hardware and software, AI uptake and energy sector bottlenecks. 

• In the Base Case, electricity consumption from data centres rises to around 945 TWh 
by 2030, more than doubling from the 2024 level. The United States sees by far the 
largest absolute growth, followed by China and Europe. Data centres still account for 
less than 10% of the growth in global electricity consumption to 2030. 

• The Lift-Off Case assumes stronger AI uptake and limited local constraints on data 
centre buildout. In this case, consumption reaches over 1 260 TWh by 2030. The High 
Efficiency Case is driven by energy savings in both software and hardware; 
consumption reaches around 800 TWh by 2030. In the Headwinds Case, it reaches 
around 670 TWh. By 2035, the spread of uncertainty widens further, spanning 
700 TWh to 1 720 TWh across the four cases.  

• Natural gas generation to meet data centre demand increases by around 175 TWh 
from today’s level to 2035 in the Base Case, mostly concentrated in the United States. 
In the Lift-Off Case, it grows by 290 TWh. Renewables provide the largest contribution 
to meet data centre demand, increasing by 450 TWh to 2035 in the Base Case. This 
reflects their broad availability, short development times, economic competitiveness 
and technology sector procurement strategies. Nuclear power also contributes. 

• Grid congestion and connection queues are growing in many regions, and supply 
chains for key components like transformers and gas turbines are stretched. In our 
analysis and modelling of these factors, we estimate that around 20% of the projected 
data centre additions by 2030 in our Base Case could be at risk of delay.  

• Avoiding this risk will require a range of actions from both the energy and technology 
sectors. Permitting times for new projects need to be cut. Grid operators should 
streamline the confusing tangle of data centre connection applications. The 
technology sector should maximise the buildout of data centres in areas of high power 
and grid availability and explore strategies to incentivise their operational flexibility. 
Better management of the growing data centre load could be facilitated by better 
data on both grid constraints and the data centre demand outlook.  
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2.1 Introduction 
Investment in new data centres has surged, increasing by nearly 70% in the last two years at 
the global level. One of the main drivers of this investment has been the rise of artificial 
intelligence (AI), alongside the deepening digitalisation of the global economy. The rapid 
increase in data centre investment is raising concerns about the ability of electricity systems 
to meet growing demand in a timely, secure and sustainable way.  

Data centres – at least at the scale seen today – are relatively new actors in the energy system 
at the global level, and data collection and reporting on their electricity consumption remain 
limited. There is therefore substantial uncertainty about both their current and future 
consumption. Moreover, AI models are highly heterogeneous, and data on their uptake and 
electricity intensity are limited (see Chapter 1). As a result, it is challenging to analyse the link 
between AI demand and data centre electricity consumption. 

On the electricity supply side of the equation, the sector is facing several challenges. 
Electricity demand is already growing strongly in emerging market and developing 
economies, driven especially by economic growth, industrialisation, increased adoption of 
appliances, and surging needs for cooling. Advanced economies are also returning to growth 
in electricity demand after two decades of stagnation. However, the electricity sector faces 
several bottlenecks, including permitting times and tangled supply chains. 

This chapter explores these issues across the following sections: 

 Section 2.2 sets the scene by describing the determinants of data centre electricity 
consumption and how much electricity data centres consume today. 

 Section 2.3 presents new International Energy Agency (IEA) modelling on the outlook 
for electricity demand from data centres. 

 Section 2.4 places data centres within the broader context of the information and 
communication technology (ICT) sector and discusses how the uptake of AI may 
influence the energy consumption of the ICT sector beyond data centres. 

 Section 2.5 examines electricity supply scenarios to meet the demand growth from data 
centres. 

 Section 2.6 discusses how data centres interact with grids and what can be done to avert 
the risk of project delays due to electricity sector constraints. 

2.1.1 Case design 

The uncertainty surrounding future data centre electricity demand requires a scenario-based 
approach to explore alternative pathways and provide perspectives on timelines relevant to 
energy sector decision making. While the technology sector moves quickly and a data centre 
can be operational in two to three years, the broader energy system requires longer lead 
times to schedule and build infrastructure, which often requires extensive planning, long 
build times and high upfront investment. At the same time, information on the project 
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 The utilisation rate of IT equipment measures how much of the available computing 
resources are actively being used over a given period. Smaller and less-efficient 
enterprise data centres have average utilisation rates below 20%, while hyperscale data 
centres with optimised loads can have average utilisation rates of up to 50%. 

 Idle power is the amount of electricity a device consumes to perform essential 
background operations when not actively processing workloads. It is typically expressed 
as a percentage of maximum rated power. A lower idle power is more efficient. Idle 
power has improved from around 60% in 2010 to around 35% of rated power in modern 
servers. 

 Power usage effectiveness (PUE) is the ratio of total facility electricity consumption to 
the electricity consumption of the IT equipment (PUE = total consumption/IT 
consumption). It is commonly used as an important indicator of the energy efficiency of 
a data centre, with a focus on minimising infrastructure electricity consumption (such 
as cooling and lighting) compared to the electricity consumption of IT equipment. This 
measure can vary widely from around 2 (meaning 1 kilowatt hour [kWh] of electricity 
used for cooling and auxiliary equipment for every 1 kWh of electricity used by IT 
equipment) for enterprise data centres to just under 1.15 for hyperscale data centres 
(0.15 kWh used for cooling and auxiliary equipment for every 1 kWh used by IT 
equipment). 

Data centre servers deploy several kinds of chips and server architectures: 

 Central processing units (CPUs) are the primary components of a computer that carry 
out instructions from programs by performing operations. 

 Graphics processing units (GPUs) and other “accelerators”, such as tensor processing 
units, are optimised for parallel computations, enabling faster processing of certain 
tasks. 

 Accelerated servers are specialised servers equipped with GPUs or similar accelerator 
chips to enhance computing performance for specific tasks. They are particularly 
important for AI training and deployment. 

2.2 Electricity consumption of data centres 

2.2.1 Historical electricity consumption of data centres 

A sharp acceleration in recent years 

The Internet revolution took off in the 1990s, and early growth in the demand for digital 
services was strong. The electricity consumption of data centres in the United States almost 
doubled between 2000 and 2005, raising concerns about runaway growth (Koomey, 2007). 
An inflection point occurred around 2007-2008, when slowing growth in data centre 
electricity consumption indicated a decoupling from the still-booming demand for digital 
services. Several factors contributed to this slowdown in global data centre electricity 
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state governments for data centres; for instance, Uttar Pradesh announced a 100% 
exemption on electricity duty and transmission charges for ten years for new data 
centres. 

Electricity consumption from data centres is contributing to India’s electricity demand 
growth at a time when India is already among the world’s fastest-growing electricity 
markets. Coal fuels 74% of electricity generation in India today, providing much of the 
firm power to the grid, and the dominance of coal in the mix is likely to continue beyond 
2030. However, since India’s “open access” rules enable the direct purchase of power 
from generators, several technology companies are signing power purchase agreements 
(PPAs) directly with renewable energy generation companies to reduce their emissions. 
For example, the data centre subsidiary of Indian telecommunications major Bharti Airtel 
announced it would procure 140 GWh of renewable energy annually and has been 
working with generation companies to set up captive solar photovoltaic (PV) and wind 
capacity for their data centres.  

To ensure that the upcoming wave of new data centre construction remains on target, 
India will need to address long-standing issues of grid reliability to capitalise on data 
centre and AI growth. In the current context, backup and captive power generation for 
data centres remains a critical consideration owing to the risk of power supply 
interruptions from the grid. Grid infrastructure creation and upgrades will also need to 
keep track of new data centre construction. Data centres are proving to be important 
energy consumers in India, creating additional demand for power generation, notably 
from solar PV and wind, and driving investment in power backup options (including 
battery storage) and transmission infrastructure upgrades. 

Figure 2.7 ⊳ India’s total data centre capacity and electricity generation 
mix, 2020-2030 

 
IEA. CC BY 4.0. 

Data centre total installed capacity in India is set to double by 2030; while coal 
dominates the electricity mix in India, the share of renewables increases to 35% by then 
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2.3 Outlook for electricity consumption from data centres 
Our modelling approach relies on a bottom-up methodology developed by Lawrence 
Berkeley National Laboratory, using IT equipment shipments as a key driver of data centre 
energy demand (Shehabi, et al., 2024). The rise of AI is accelerating the deployment of high-
performance accelerated servers, leading to greater power density in data centres. 
Understanding the pace and scale of accelerator adoption is critical, as it will be a key 
determinant of future electricity demand. The key input to our modelling is therefore near-
term industry projections for server shipments, considering the outlook for demand and 
supply constraints (IDC, 2024a). Readers interested in more methodological details can find 
these in the data and methodological annex to this report. 

2.3.1 Outlook in the Base Case 

Key drivers 

In the Base Case, AI adoption alongside continuously deepening digitalisation drives the 
expansion of the data centre sector. The key drivers of electricity consumption from data 
centres evolve as follows in the Base Case:  

 The total stock of servers is projected to increase by more than 60% by 2030, with 
around a third of this increase due to the extended lifetime of servers. The total stock 
of accelerated servers increases even more strongly, but the share of accelerated 
servers in the total stock of servers remains below 10%.  

 The total installed capacity of data centres, which includes all installed IT equipment, 
cooling systems and auxiliary equipment, increases by more than the increase in the 
stock of servers, because the power intensity of servers (watts/server) increases 
substantially. This is due to the increase in the size and number of accelerated servers. 
A key driver of the increase in the average wattage of accelerated servers is the rising 
number of accelerators per server, with servers containing eight accelerators 
representing a significant share of the stock of accelerated servers by the end of the 
decade. The rated power of such servers can cross the 10 kilowatt (kW) mark; in 
comparison, the rated power of servers with two accelerators is below 2 kW. In the Base 
Case, the total installed capacity of data centres more than doubles from around 
100 GW today to around 225 GW in 2030. The total capacity of accelerated servers 
grows by almost five times, compared to an increase of 1.8 times for conventional 
servers. 

 Cooling efficiency continues to improve in the Base Case. This is driven primarily by 
advancements in cooling technologies and data centre operational management, rather 
than a strong shift from enterprise data centres to more efficient colocation or 
hyperscale facilities. In the Base Case, the share of server capacity hosted by enterprise 
data centres slowly declines below 20% from 2024 to 2030. The global weighted average 
PUE is projected to improve, decreasing from 1.41 to 1.29 on average, saving around 
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Figure 2.13 ⊳ Increase in electricity demand by sector in the Base Case,  
2024-2030 

 
IEA. CC BY 4.0. 

Data centres contribute more to global electricity demand growth  
than heavy industry or space and water heating 

2.3.2 Outlook in the sensitivity cases 

In this section, we present the results of our longer-term exploratory modelling of different 
potential outcomes for electricity demand. The results are presented to 2035, notably to 
inform the energy sector about possible outcomes on timelines consistent with energy sector 
planning horizons. These numbers serve as exploratory scenarios to inform technology and 
policy choices. It is crucial to consider the wide range of uncertainties, including the scale of 
AI adoption and the efficiency with which this additional service demand will be met (Luers, 
et al., 2024). 

Lift-Off Case 

This case explores the impact of stronger AI adoption and increased global demand for digital 
services, leading to even stronger deployment of data centre facilities than in the Base Case. 
This drives higher demand for accelerated servers to handle complex, power-hungry 
workloads. It is assumed that the supply chain will be highly adaptable, with scalable 
production capacity and minimal inertia. This would prevent shortages of high-performance 
chips.  

Importantly, it is assumed that various actions mitigate the local constraints on data centre 
development. First, data centres are assumed to have greater location flexibility than in the 
Base Case. The increased share of workloads with low latency requirements (e.g. AI training 
and several kinds of AI inference) reduces the need for proximity to customers. Instead, 
locational decisions can prioritise factors like generation capacity, grid availability and land 
accessibility. This shift reduces the risk of local project concentration and, in turn, opposition 
to new developments. Second, higher structural flexibility is assumed to make grid 
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scenario assumes that models are “right-sized” for different tasks, with the technology sector 
aiming to reduce inference costs and consumers facing an information and incentive 
environment that supports decision making. OpenAI’s GPT-4.5 roadmap can be seen as a 
step in this direction, as it introduces the ability to adjust model compute use based on query 
complexity, thereby optimising resource use without compromising performance (OpenAI, 
2025). Additional improvements are also projected on the hardware side, for example 
through the penetration of full- and semi-custom integrated circuits, application-specific 
integrated circuits and field-programmable gate arrays, which is higher than in the Base Case, 
enabling significant energy savings. These specialised processors deliver far better energy 
performance compared to general-purpose processors like GPUs (see the Spotlight below on 
the future of computing). 

All these efficiency improvements result in a smaller installed IT capacity than in the Base 
Case, but one that still meets the same service demand. In aggregate, the High Efficiency 
Case unlocks energy savings of more than 15%, with global electricity demand from data 
centres reaching around 970 TWh by 2035. As a result, 2.6% of global electricity demand 
goes to data centres.  

Headwinds Case 

In this case, service demand does not grow as fast as in other scenarios, and AI sees a slower 
uptake. Difficulties in monetisation lead to a pullback in investment. This case also assumes 
stronger local constraints. Additional limitations, such as in the electricity supply chain (see 
Chapter 5), cause delays in data centre development in this case. As a result, the total 
installed IT stock by the end of the decade is projected to be smaller than in the Base Case, 
with growth plateauing beyond 2030 (this still means growing service demand, as the stock 
of IT equipment becomes more efficient over time). Similar to trends seen in the early 2010s, 
the improvements in efficiency are expected to offset most of the impact of increased IT 
stock utilisation, leading to a plateau in energy demand at around 700 TWh, limiting the 
growth of the data centre share of global electricity demand to less than 2% in 2035. 

 

The future of computing 

Energy efficiency has played a fundamental role in curbing energy demand growth from 
data centres over the past 20 years. Despite the massive growth in Internet users, data 
traffic and the digital intensity of the economy (Figure 2.3), data centre consumption as 
a share of global electricity demand has only increased from 1% in 2005 to 1.5% in 2024.  

However, with the shift away from enterprise data centres mostly tapped, AI servers 
already being highly optimised and utilised, and the approaching limits to semiconductor 
miniaturisation, this raises questions over further energy efficiency opportunities in data 
centres and the extent to which technologies and approaches can help curb energy 
demand growth to 2030 and beyond.  
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Researchers have explored the opportunity of improvements in software, algorithms and 
hardware architectures (Leiserson, et al., 2020). These opportunities – some of which are 
specific to AI and others broadly across data centres and computing – can be generally 
categorised into hardware, software and cross-cutting approaches, which are briefly 
explained below. Table 2.1 outlines their current adoption levels, likely level of 
deployment in 2030 and scale of energy savings potential. These do not consider rebound 
effects that could counteract such energy efficiency improvements.  

Hardware 

 Low-power processors: processors designed to minimise power consumption, 
e.g. ARM-based CPUs, Intel Atom processors. 

 AI accelerators: specialised hardware that can perform AI tasks quickly and 
efficiently, e.g. servers (Nvidia GPU, Google TPU) and devices (NPU, Apple Neural 
Engine). 

 Task-optimised hybrid processors: processors that combine specialised processing 
units (“chiplets”) for specific tasks within a single package to maximise performance 
and energy efficiency, e.g. AMD Epyc CPUs. 

 Photonic integrated circuits: using light (photons) instead of electricity (electrons) 
to process information, reducing energy waste and enabling faster, more efficient 
data handling. 

 Energy-efficient memory and storage: using memory and storage technologies that 
minimise power consumption, e.g. low-power DDR5 memory and NVMe solid-state 
drives. 

 Memory proximity: placing data closer to the processor to reduce data transfer 
distances and energy consumption, e.g. high-bandwidth memory integrated with 
GPUs. 

 Innovative cooling technologies: advanced cooling methods to remove heat from 
data centres more efficiently, reducing energy use for cooling, e.g. liquid cooling 
systems (direct-to-chip, immersion). 

Software 

 Energy-efficient algorithms: developing AI algorithms that require less energy. 

 Task-specific models: smaller and more specialised AI models that are tailored to 
specific tasks rather than large, general-purpose models. 

 Model and code optimisation: refining existing model architectures, code and 
software to reduce computational resource and energy use. 

Cross-cutting 

 Co-design of software/hardware: co-designing software and hardware to leverage 
synergies to maximise energy efficiency and performance. 
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 Edge computing: running AI inference closer to end-users (devices, edge servers), 
reducing data transmission and running smaller models on more energy-efficient on-
device processors and distributing energy use over many distributed devices. 

 Virtualisation: running multiple virtual machines on a single physical server to 
increase utilisation rates and reduce the number of physical servers needed. 

 Intelligent energy management: intelligent power and task management, 
e.g. allocating tasks to energy-efficient hardware, using AI to monitor and adjust 
cooling and computational resource allocation to reduce energy use at the data 
centre level. 

 Quantum computing: computing that uses quantum mechanics to perform vastly 
more complex computation than classical computing techniques, e.g. IBM Quantum, 
Google Willow, Microsoft Majorana 1 and Amazon Ocelot.  

 Neuromorphic computing: computing that mimics the brain’s neural architecture to 
process data and computations more efficiently compared to classical computing, 
e.g. IBM TrueNorth and Intel Loihi 2. 

Table 2.1 ⊳ Current and potential 2030 energy savings in data centres 
from key technologies and approaches 

Technology/approach Current 
adoption 

Expected adoption  
in 2030  

Scale of energy 
savings potential 

Hardware    
Low-power processors ●● ●●● ●●●● 
AI accelerators ●●● ●●●● ●● 
Task-optimised hybrid processors ●● ●●● ●● 
Photonic integrated circuits ● ●● ●●● 
Energy-efficient memory and storage ●●● ●●●● ●● 
Memory proximity ●● ●●● ●● 
Innovative cooling technologies ●● ●●●● ●● 
Software    

Energy-efficient algorithms ●● ●●●● ●●●● 
Task-specific models ●● ●●●● ●●●● 
Model and code optimisation ●● ●●● ●●● 
Cross-cutting    

Codesign of software/hardware ●● ●●● ●● 
Edge computing ●● ●●● ●●● 
Virtualisation ●●●● ●●●● ●● 
Intelligent energy management ●●● ●●●● ●● 
Quantum computing ● ● ●●● 
Neuromorphic computing ● ●● ●●●● 

Note: A greater number of dots indicates a higher scale. 
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Cryptocurrencies and televisions are large energy users often associated with the ICT sector 
but are technically outside the sector scope according to definitions from the International 
Telecommunications Union. Cryptocurrencies – primarily from Bitcoin mining – consumed 
around 125 TWh in 2023 (0.5% of global electricity), while televisions, peripherals and cable 
television networks consumed around 500 TWh (2% of global electricity). 

Data centres have contributed most to ICT sector energy growth since 2020, increasing by 
over 90 TWh between 2020 and 2023. Energy used for cryptocurrency mining has also 
increased strongly, growing by over 50 TWh since 2020. 

Energy use by telecommunication networks has grown slightly, driven by strong growth in 
5G mobile networks but partially offset by reductions in fixed networks from the switch from 
copper to fibre optic networks. Energy use by devices decreased in the early 2010s due to 
efficiency gains (e.g. switching from personal computers to laptops and telephones and from 
cathode ray tubes to liquid crystal displays) but has since increased, driven by the growth in 
the number of devices and new segments, such as the Internet of Things and surveillance 
cameras. There is considerable uncertainty around overall energy use by devices due to a 
lack of comprehensive data regarding use patterns and stocks. 

2.4.1 Drivers and outlook for edge applications of AI 

Most AI-related energy demand currently comes from large, centralised cloud and 
hyperscale data centres – both for training and inference (Kaack, et al., 2022). Some 
inference tasks are already conducted on user devices, as well as hybrid approaches where 
initial processing is done on the device and the final request is sent to a data centre. A 
broader shift towards AI inference at the “edge” of the network (closer to end-users) could 
have important implications for energy use – both in terms of where energy is consumed and 
how much is needed to support AI applications. 

Moving AI inference applications to the edge – to edge data centres and end-user devices 
such as laptops and smartphones – can be advantageous for use cases where fast response 
(reduced latency) is critical (Chen and Ran, 2019). On-device AI inference may also be 
important for operational resilience in situations where network connectivity is poor or when 
handling large volumes of data (e.g. video analysis). In addition, on-device AI inferencing 
offers improved data privacy by avoiding the transfer of sensitive data to centralised data 
centres.  

To facilitate on-device AI inferencing, device manufacturers are increasingly integrating AI 
acceleration hardware into laptops and smartphones, such as neural processing units (NPUs), 
Google’s Tensor chip, and Apple’s neural engine (ANE). This specialised hardware consumes 
much less power than CPUs and GPUs for AI tasks and can offload tasks from CPUs and GPUs 
to save power. However, compared to large data centres, edge devices face important 
resource constraints on computation, storage and power, limiting the type and size of the AI 
models they can run (Box 2.3). 
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Box 2.3 ⊳ Which AI models can run on smartphones and laptops? 

AI models that can run on user devices are smaller and more efficient versions of their 
cloud-based counterparts. Given the computational and energy constraints of 
smartphones and laptops, these models are compressed and optimised to have fewer 
parameters, require less memory and use less power, and often involve trade-offs 
between efficiency and accuracy. 

Many new smartphones sold today have processors that are capable of handling models 
with hundreds of millions of parameters, allowing them to complete tasks such as 
enhanced voice recognition and natural language processing for virtual assistants, real-
time object detection and tracking for augmented reality, computational photography 
and some generative AI capabilities. 

The latest flagship smartphones have processors that can handle models with well over 
a billion parameters, such as Google’s Tensor G4 (30 to 45 tokens per second for a model 
with over 3 billion parameters) and Qualcomm’s Snapdragon 8 Gen 3 (15 tokens per 
second for a 10 billion parameter model). AI acceleration hardware on flagship phones 
has become increasingly powerful. For example, the Apple A18 chip used in the iPhone 16 
series (introduced in 2024) is capable of 35 trillion operations per second, around 
six times more powerful than the A13 Bionic on the iPhone 11 from 2019.  

Laptops, edge servers and other devices with significant processing power 
(e.g. automated vehicles) can handle even larger models and complex tasks with higher 
accuracy. Nvidia announced its USD 249 Jetson Orin Nano Super computer in December 
2024, capable of 67 trillion operations per second while consuming 25 watts (W). In 
January 2025, the company announced Project DIGITS, offering 1 petaflop of AI 
performance, enabling it to support AI models with up to 200 billion parameters. DIGITS 
will sell for USD 3 000 from May 2025. 

Early studies estimate that NPUs on laptops consume in the range of 1 W to 5 W for most AI 
tasks. For example, generating 25 images with Stable Diffusion V2.1 consumed around 2 W 
to 4 W per image (Weinbach and Bajarin, 2024). Another study compared the power 
consumption of CPUs, GPUs and NPUs using the YOLOv5 object detection model at varying 
model sizes and precisions (Delli Abo, 2024). The NPU was found to use the least power 
(1.8 W to 2.5 W) compared with the CPU (27 W) and GPU (23 W to 51 W). Even factoring in 
the longer inference time, the NPU was still the most energy efficient, followed by the power-
intensive but faster GPU. The power consumption of an NPU on a smartphone was estimated 
to be around 0.5 W, around 80% lower than the CPU (Tan and Cao, 2023). 

Laptops typically consume between 20 W and 60 W during active use, making any 
incremental energy consumption from AI inference (1 W to 5 W) relatively small. With 
smaller and more optimised models at the edge, the shift towards AI inference at the edge 
is likely to reduce energy use in data centres with only a limited increase in energy use by 
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devices. Shifting inference tasks to edge devices can also help electricity systems by 
distributing power demand across different locations and time. 

Beyond the likely net energy savings from edge AI, there are potential negative indirect 
energy and environmental impacts from manufacturing AI-enabled devices. On-device AI 
capabilities and minimum hardware requirements for increasingly prevalent AI-powered 
applications could accelerate device replacement cycles in the near term. This could reverse 
the slowing of turnover rates over the past decade, with average replacement cycles for 
smartphones reaching 3.5 years (GSMA, 2025). International Data Corporation projects sales 
of generative AI smartphones (with NPUs capable of 30 trillion operations per second) to 
grow by 80% annually to 2028, reaching around 900 million units (70% market share) (IDC, 
2024b). Combined with the fact that AI acceleration hardware requires more energy to 
manufacture than conventional (non-AI) counterparts, shorter device lifespans and new 
demand for AI-enabled devices could increase manufacturing-related energy use and 
contribute to e-waste generation, particularly in the near term.  

The impacts of widespread generative AI adoption on data traffic and the energy use of data 
transmission networks are highly uncertain. Ericsson predicts that most of the traffic increase 
from AI – particularly from uplink data – will be due to video-based generative interactions 
using smartphone cameras, smart glasses, or extended reality devices to engage their 
environment or ask questions to a video-based large language model (Ericsson, 2024). It also 
predicts that most of these AI workloads will be executed in the cloud in real time or pre-
rendered to generate hyper-personalised content. Some medium-complexity AI workloads 
may migrate to smartphones, mitigating some traffic growth.  

However, the extent to which increased data traffic would affect network energy use is 
uncertain. Recent studies have demonstrated that fixed and core networks generally use the 
same amount of energy regardless of data traffic (Mytton, Lundén and Malmodin, 2024). In 
the case of mobile networks, capacity is just one factor that affects energy use, with coverage 
also being an important driver (Rouphael, et al., 2023). Within the context of other larger 
drivers of data traffic and connections – notably streaming video, the Internet of Things and 
extended reality – AI is unlikely to have a noticeable impact on network energy use, especially 
in the near term. 

In addition to AI inferencing at the edge, training on edge devices could have impacts on 
energy use across the ICT sector. Federated learning enables AI models to be trained on 
decentralised data using edge devices such as smartphones and laptops. Instead of bringing 
the data to a central server, federated learning brings the model training to the data source. 
Early studies have shown the potential for federated learning to reduce energy use and 
emissions associated with AI training (Qiu, et al., 2021). 
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Table 2.2 ⊳ Emissions reduction and clean energy targets of corporate data 
centre operators  

Company 
Estimated 

data centre 
capacity (MW) 

Net zero 
emissions 

target year 

Corporate clean,  
green or renewable  
electricity target* 

Current 
share  

Hourly 
matching  

target* 

Meta 9 780 2030 100% renewable since 2020 100%   

Google 8 960 2030 100% renewable since 2017 100% 100% by 2030 

Amazon 7 660 2040 100% renewable since 2023 100%   

Microsoft 6 970 2030 100% renewable by 2025 100% 100% by 2030 

Digital Realty 2 740    66%   

Equinix 1 850 2030 100% renewable by 2030 96%   

Tencent 1 760 2030 100% green by 2030 12%   

Alibaba Cloud 1 660 2030 100% clean by 2030** 56%*** 

Aligned 1 290 2040 100% renewable since 2020 100%   

Huawei 1 260 2040  > 50%   

Apple 1 240 2020 100% renewable since 2018 100%   

Vantage 1 180 2030   58%   

CyrusOne 1 120 2030 100% carbon-free energy 
by 2030 62%   

NTT Data 1 110 2035 100% renewable by 2030**  49%   

QTS Data Centers 1 060   65%**** 

Baidu 980 2030   5%   

GDS 980 2030 100% renewable by 2030 36%   

Chindata 900 2060 100% renewable by 2040** 7%   

Switch 660 2021 100% renewable since 2016 100%   

Princeton Digital 620 2030 100% green by 2030 14%  

* Only targets with specified years are included. ** Target covers data centres only. *** Percentage of clean 
electricity consumed at Alibaba Cloud’s self-built data centres. **** Percentage of low-emissions electricity 
utilised by QTS’ facilities. 

Notes: Data centre operators are ranked by their total estimated data centre capacity as of the end of the first 
half of 2024, based on OMDIA (2025). The OMDIA database may not be complete but was used to provide a 
consistent source across diverse companies for installed capacity. The net zero targets are for Scope 1 and 
Scope 2 emissions.  

As part of these strategies, technology companies are also supporting the development and 
commercialisation of innovative low-emissions baseload technologies, such as small modular 
reactors (SMRs) and next-generation geothermal. To date, plans to build up to 25 GW of SMR 
capacity associated with supplying the data centre sector have been announced worldwide, 
almost all of them in the United States, although projects are at varying stages of maturity 
and certainty. The first projects are expected to start to materialise only towards the end of 
this decade.  
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construction. Almost 40% of this capacity is contracted by data centre operators. Data 
centre operators have also been responsible for the lion’s share of recent 
announcements, accounting for almost 60% of the 34GW of the renewables capacity for 
which corporate PPAs have been announced but which has not yet entered the 
development stage. Projects that are under development or have been announced would 
provide sufficient capacity to cover approximately 15% of the projected electricity 
demand growth from data centres to 2030. 

Figure 2.16 ⊳ Global renewables capacity contracted through corporate 
PPAs by development status, offtaker and technology 

 
IEA. CC BY 4.0. 

Data centre operators account for over 30% of active PPAs  
and the majority of announced PPAs 

Notes: Op. = operational; Dev. = under development; Ann. = announced; DC = data centre; PPA = power 
purchase agreement. The cut-off date is February 2025. Only individual known projects are considered. 
Other includes bioenergy and geothermal. 

Source: IEA analysis based on data from BNEF (2025). 

Of the operational renewables PPA capacity contracted by data centre operators, 75% is 
located in the United States, with nearly 20 GW of solar PV and about 12 GW of onshore 
wind under contract there, followed by Europe with 20%. Over 50% of the capacity under 
development is also located in the United States – almost of all of it solar PV, while 
Europe accounts for around 35%. In the European Union and United Kingdom, offshore 
wind farms account for most of the under-development capacity contracted by data 
centre operators in the region. Announcements for additional PPAs have so far focused 
mostly on the United States, with nearly 90% of the announced capacity. While there has 
recently been an increase in announcements from other parts of the world, including 
Southeast Asia and India, significant regulatory hurdles continue to limit the deployment 
of PPAs, in particular in emerging market and developing economies. 
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2.5.2 Matching electricity supply with data centre demand 

Electricity supply to meet data centre demand can come from a wide set of sources, each 
with unique characteristics related to technical performance, cost, emissions, the 
development process and lead times. Consideration of these options, either to be developed 
onsite or connected through the grid, is critical to scaling up electricity supply to meet data 
centre demand.  

Table 2.3 ⊳ Sources of electricity to match the needs of data centres 

Electricity  
source 

Construction 
period 

Variable or  
dispatchable 

Global average CO₂ 
intensity 

(g CO₂/kWh) 

Global average 
LCOE 

(USD/MWh) 

Utility solar PV 1-4 years Variable 0 60 

Wind onshore 2-5 years Variable 0 50 

Wind offshore 3-7 years Variable 0 110 

Hydropower plant 5-15 years 
Variable (run-of-river) 

Dispatchable (reservoir) 
0 80 

Conventional 
geothermal 3-8 years Dispatchable 0 80 

Nuclear (new) 5-15 years Dispatchable 0 90 

Nuclear (restart) 2-5 years Dispatchable 0 60 

Coal 3-6 years Dispatchable 960 80 

Gas CCGT 2-4 years Dispatchable 390 80 

Gas GT 1-3 years Dispatchable 620 220 
Grid connection 3-7+ years Dispatchable United States: 350 

China: 600 
Southeast Asia: 610 

Europe: 240 
World: 460 

- 

Notes: CO2 = carbon dioxide; g CO₂/kWh = grammes of carbon dioxide per kilowatt hour; CCGT = combined-
cycle gas turbine; GT = gas turbine; LCOE = levelised cost of electricity; MWh = megawatt hour. Construction 
period refers to typical projects, excluding supply chain equipment delays. Average emissions intensity is 
assessed on direct emissions from the average mix between 2021 and 2023. Other assumptions come from 
the WEO-2024 (IEA, 2024). Nuclear (new) includes small modular reactors. 

As data centres are projected to grow rapidly over the years to come, the strategy to build 
out and ensure a stable and efficient source of electricity becomes crucial. Currently, the only 
reliable electricity sources that can be developed within a short timeframe – ideally one to 
two years (Table 2.3) – are solar PV and gas turbines, aligning with the typical construction 
timeline of data centres. Even in these cases, supply chain delays or tight supplies can further 
extend development times (Box 2.5). Wind turbines could also be a viable option in terms of 
deployment speed; however, lengthy permitting processes often extend their timeline to 
around five years, a similar development time to conventional geothermal, or longer. Other 
dispatchable technologies, such as large-scale nuclear reactors or hydropower plants, 
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typically require closer to a decade or more to complete. Once SMRs or next-generation 
geothermal become commercial, they may also offer medium-length development times of 
approximately three to five years. 

Box 2.5 ⊳ Will strained supply chains slow down the growth of natural gas-fired 
power generation?   

Low fuel costs, high reliability and the ability to operate at high load factors make natural 
gas-fired generation an attractive option for data centre operations in the United States, 
in particular. Several gigawatts of new capacity targeting the data centre market have 
been announced by developers in late 2024 and early 2025. These announcements come 
on top of the substantial volumes of new gas-fired capacity planned by utilities to meet 
overall electricity demand growth. 

As a result, orders for new gas turbines from utilities and project developers have surged 
over the past two years. However, this sudden increase in orders is hitting a global gas 
turbine supply chain that has seen limited investment in manufacturing capacity due to 
years of stagnant electricity demand in advanced economies and a recent slowdown in 
global additions of gas-fired power. Global additions of natural gas plants peaked at 
nearly 110 GW in 2002, have averaged around 60 GW per year since then and have fallen 
to an average of 40 GW per year since 2020.  

Three main manufacturers – GE Vernova, Siemens Energy and Mitsubishi Power – supply 
turbines for about two-thirds of the gas-fired power plants currently under construction 
globally and are reporting growing backlogs. Turbine deliveries for new power plants now 
face delays of several years in many instances. The uptick in activity has meant that other 
elements of supply chains, including labour and other goods, are also tight, potentially 
delaying the commissioning of new gas-fired power plants beyond 2030. 

These extended delivery timelines cast doubt on the ability of utilities and energy 
companies to scale up natural gas-fired generation as quickly as planned to meet rising 
demand, especially in the near term. They are also driving up capital costs for the 
developers of new gas-fired plants. High demand and constrained supply increase the 
pricing power of the turbine manufacturers. Longer delivery timelines lead to increased 
financing costs and can disrupt construction schedules, increasing the risk of cost 
overruns. Consequently, some developers are opting to pay premiums to move to the 
front of the queue for turbine deliveries.  

The strained supply chain is also affecting existing plants. Servicing activity and new unit 
production compete for factory capacity, and as manufacturers prioritise the production 
of new turbines, this reduces the availability of refurbishment capacity and component 
parts, raising the risk of plant outages. Additionally, the increased demand has driven up 
the cost of new long-term gas turbine maintenance contracts, raising plant operating 
expenses. 
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The projected growth in electricity demand means that there is a need for additional 
secure capacity to ensure the reliability of the electricity supply. In the United States, the 
revised integrated resource plans of the country’s utilities call for an additional 84 GW of 
natural gas-fired capacity by 2035 (see Box 2.6 for more details). The limited availability 
of gas turbines may require utilities and project developers to explore alternatives to new 
natural gas-fired plants to address near-term growth in the demand for electricity and 
secure capacity. This includes upgrading existing plants to enhance their electrical 
output, although tight supply chains have seen lead times for such measures go up as 
well. Technical improvements, such as retrofitting better turbine blades, water injection 
and inlet air cooling, can increase the efficiency and raise the capacity of simple open-
cycle gas turbines by 3-10%. If applied to the United States’ fleet of existing open-cycle 
gas turbines, such refurbishments could provide about 4 GW to 15 GW of additional 
capacity. If sufficient space is available at the site, open-cycle gas plants can also be 
upgraded to combined-cycle through the addition of a heat recovery steam generator 
and steam turbine. A combined-cycle gas turbine power plant can produce up to 50% 
more electricity from the same amount of fuel. 

Technology costs are another important factor in considering supply options to meet data 
centre demand. Wind and solar PV technologies are currently among the cheapest sources 
of electricity. Additionally, in regions where natural gas prices are low, such as the 
United States and the Middle East, gas turbines offer an alternative. To be comparable with 
dispatchable sources of electricity, solar PV and wind need to be paired with storage to 
increase their availability throughout the day, but the cost comparison remains valid. Coal-
fired power can be one of the lowest-cost sources of electricity in places where prices on CO2 
emissions are low or zero, but development times for coal plants can be quite long outside 
China.  

Emissions at the point of electricity generation are an important factor, especially in light of 
the sustainability targets set by many technology companies and national and international 
climate goals. Coal-fired power has the highest emissions intensity of the potential options 
(oil-fired power is of a similar level), with natural gas-fired power plants emitting roughly half 
as much CO2 per unit of electricity output. Excluding indirect emissions from their life cycle – 
such as extraction, manufacturing and decommissioning – renewable energy and other low-
emissions sources like nuclear energy have no direct CO₂ emissions. 

Hourly matching: What does it really take?  

The most common arrangements for procuring renewable electricity are based on annual 
volume matching. Annual matching means that enough capacity is procured to meet 100% 
of the user’s electricity demand over the course of the year, without consideration of 
precisely when demand and supply occur. Conventional “annual matching” PPAs can help 
drive the installation of new renewables capacity. However, hourly matching of low-
emissions electricity PPAs ensures that electricity consumption in each hour of the year is 
met by low-emissions energy sources.  
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Dispatchable sources of electricity generation, such as hydro, geothermal and nuclear, can 
generally match hourly demand throughout the year, but this is not the case with variable 
renewables. For example, where solar PV alone is procured to cover 100% of annual demand, 
the share of hourly demand covered can average 35-45%. Effectively this means that on an 
hourly basis, solar PV output is only able to meet 35-45% of data centre demand due to its 
output profile. In the hours when the procured solar PV is above data centre demand, the 
excess can be available to the grid and other consumers. In the hours when solar PV output 
is below hourly data centre demand, the remaining demand must be met by other sources. 
Again, this results in a physical electricity mix that differs from the procured, or “financial”, 
electricity mix. The associated CO2 emissions for the electricity supply to meet data centre 
demand depend on the extent to which low-emissions sources cover data centre demand 
and the emissions intensity of the grid electricity.  

Figure 2.17 ⊳ Daily average electricity generation profiles of wind, solar PV 
and battery storage to meet baseload demand in Virginia, 
United States 

 
IEA. CC BY 4.0. 

Renewables, coupled with storage, can meet a flat demand profile 

Note: The graphs depict four different use cases considering 1.5 GW of solar PV, wind or both, and a 1 GW 
battery with 4 GWh of storage.  

Hourly matching of the procured electricity supply to the data centre electricity demand is 
an approach pursued by several large technology companies, but achieving this ambition 
with variable renewables comes with challenges. Solar PV and wind generation are 
inherently variable. Solar PV varies across the day and seasons. Wind production is less 
variable on average but can vary quickly from hour to hour, with extended periods of low or 
high generation. However, hybrid projects combining solar PV, wind and storage offer a 
better match to baseload demand, with storage helping to smooth out variable output from 
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Taken together, renewables remain the fastest-growing source of electricity for data centres, 
with total generation increasing at an annual average rate of 22% between 2024 and 2030, 
meeting nearly 50% of the growth in data centre electricity demand. This growth is primarily 
driven by the rising deployment of wind and solar PV in power systems across the globe, with 
some of the new capacity financed through PPAs with technology companies. Some data 
centre operators also invest directly in co-located renewables. Even so, new demand from 
data centres is a significant near-term driver of growth for natural gas-fired and coal-fired 
generation, through both higher utilisation of existing assets and new power plants. Natural 
gas and coal together are expected to meet over 40% of the additional electricity demand 
from data centres until 2030. After 2030, SMRs enter the mix, providing a source of baseload 
low-emissions electricity to data centre operators. Currently, hyperscalers are among the key 
corporate backers of SMR development. Coupled with the ongoing growth of renewable 
electricity generation, the resulting increase in nuclear electricity generation leads to an 
absolute decline in coal-fired generation for data centre operations by 2035. Consequently, 
CO2 emissions from electricity generation for data centres peak at around 320 Mt CO2 by 
2030, before entering a shallow decline to around 300 Mt CO2 by 2035. Despite rapid growth, 
data centres remain a relatively small part of the overall power system, rising from about 1% 
of global electricity generation today to 3% in 2030, accounting for less than 1% of total 
global CO2 emissions (see Chapter 5 for more details).  

Regional outlook 

The United States and China are by far the largest data centre markets today. In both 
countries, most of the electricity consumed by data centres is produced from fossil fuels, 
which also meet most of the increase to 2030. However, the rising deployment of 
renewables, and later nuclear, is expected to slow the growth of fossil fuel power generation 
after 2030. 

With a share of over 40%, natural gas is currently the biggest source of electricity for data 
centres in the United States, followed by renewables – mostly solar PV and wind – at 24%, 
as well as nuclear and coal power with shares of close to 15% and around 20%, respectively. 
As demand growth is particularly rapid over the next five years, natural gas is the largest 
source of additional supply, adding over 130 TWh of annual generation until 2030. Utilities 
are revising their integrated resource plans, with the construction of additional gas-fired 
power plants planned across the country, some of them to support the increase in data 
centre loads (see Box 2.6). Furthermore, some data centre operators are partnering with 
utilities and energy companies to expand gas-fired capacity, some of it directly co-located 
with data centres. Renewables are the second-largest source of additional electricity supply, 
adding 110 TWh to data centre electricity supply between 2024 and 2030. This is mainly due 
to the continuing increase in the share of wind and solar PV in the electricity mix of most 
states, as well as some data centre operators investing in co-located renewables.  

Nuclear power plays a significant role in meeting data centre electricity demand in the 
United States, particularly after 2030 when the first SMRs are expected to be commissioned. 
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electricity consumed by data centres in 2030, up from 35% today. The rest of the world is 
responsible for about 10% of total data centre electricity generation, with Southeast Asia 
and India accounting for a significant portion of that. In both regions, coal remains a key pillar 
of the data centre electricity supply, but renewables are projected to eclipse it by 2035.  

Box 2.6 ⊳ How are utilities in the United States planning to meet additional 
electricity demand? 

Over the course of 2024, many US utilities revised their load growth projections, 
anticipating a significant increase in electricity demand from data centres, manufacturing 
and – to a lesser degree – electric vehicles and electric heating. They are seeking to meet 
this additional demand primarily by building new natural gas-fired power plants and 
expanding the capacity of low-emissions sources of electricity, most notably wind and 
solar PV, as well as battery storage to facilitate the integration of variable renewables. In 
its updated integrated resource plan for North Carolina, Duke Energy, for example, has 
announced plans to build 7 GW of renewables capacity,  3.6 GW of  natural gas-fired 
capacity, 1.8 GW of pumped storage hydro and 1.1 GW of battery storage until 2035, 
while Dominion Energy plans to add 21 GW of low-emissions power generation, including 
1.3 GW of SMRs, as well as 5.9 GW of gas-fired capacity and 4.5 GW of battery storage 
across Virginia and North Carolina until 2039. 

Integrated resource plans are comprehensive, regularly updated plans that utilities 
employ to outline their generation requirements over periods ranging from 5 to more 
than 20 years, identifying the necessary resources to meet anticipated demand and 
ensure reliable service while balancing economic, environmental and regulatory 
constraints and objectives. They are essential for planning and are mandated by 
regulatory authorities in 33 states. 

As of Q4 2024, the integrated resource plans of the United States’ utilities call for the 
installation of an additional 260 GW of wind and solar PV capacity until 2035, 20 GW less 
than planned at the end of last year. Gas-fired capacity is set to grow by 84 GW over the 
same period, 32 GW higher than planned at the end of 2023 (RMI, 2025). Utilities cite 
grid constraints and low reserve margins in several systems, as well as the high reliability 
needs of data centres, as primary reasons for the renewed dash for gas. 

Modernising and expanding the grid to facilitate the integration of variable renewables 
and ensure reliability is another key feature of many integrated resource plans. Grid 
modernisation involves upgrading infrastructure, rolling out smart grid technologies and 
enhancing cybersecurity measures. The goal is to manage electricity flows efficiently and 
minimise the risk of outages.  

In the Base Case, the growth in global data centre electricity consumption sees the 
installation of over 320 GW of additional electricity generating capacity between 2024 and 
2035, including around 45 GW of battery storage, nearly 80% of it in the United States and 
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Processing grid connection applications more quickly can help reduce waiting times. 
However, the problem is not solely bureaucratic: when power grids are congested, even 
priority applications cannot be approved. As seen in Figure 2.25, grid congestion is becoming 
worse in many countries. In Germany, the United States and Great Britain, the costs of 
managing congestion tripled between 2019 and 2022. In the Netherlands, the costs 
increased sixfold during the same period. In 2023, congestion costs went down because 
natural gas became cheaper. However, data from Germany and Great Britain reveal that 
physical grid congestion volumes have continued to increase year on year, highlighting the 
growing pressure on existing infrastructure.  

While grid congestion remains a significant challenge, it is not the only bottleneck hampering 
connection applications. Suboptimal connection and queue management processes 
contribute substantially to delays. For instance, Great Britain’s enormous connection queue 
contains numerous generation projects that are not progressing, prompting reforms to 
queue management. Additionally, system operators often lack sufficient resources, and the 
industry faces a shortage of skilled labour to deliver connections.  

Figure 2.26 ⊳ Change in transformer backlog, transformer price index and grid 
infrastructure lead times 

 
IEA. CC BY 4.0. 

The supply chain for electricity grid equipment is showing signs of strain,  
while transmission lines can take three to six years, or even longer, to build 

Mitigating grid congestion is challenged by the long lead times for new transmission projects. 
Building new transmission lines can take four to eight years in advanced economies and two 
to four years in emerging economies. This is not just a problem of permitting and 
construction; supply chains for grid equipment are also showing strain. Order backlogs for 
transformers grew by more than 30% in 2024, after two years of growth above 15%. 
Reflecting this, the price index for power transformers has increased by 1.5 times since 2020 
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Box 2.8 ⊳ Why does Northen Virginia dominate the data centre market? 

Loudoun and Prince William Counties in Northern Virginia, both within the 
Washington, DC metropolitan area, are together the world’s largest and fastest-growing 
data centre market by far, with over 5 GW of installed capacity and more than 3 GW 
under development. Installed capacity in the region – commonly referred to as “Data 
Centre Alley” – has grown more than 500% over the past ten years (Magnum Economics, 
2024).  

The region’s rise is a recent development that illustrates the fast-moving dynamics of the 
data centre market. The area only became the top market by installed capacity in 2016, 
and installed capacity proceeded to grow 20% annually (Magnum Economics, 2024). 
While the region’s central role in the early stages of the Internet’s development gave it a 
head start as a key data centre hub, its growth can largely be attributed to the region’s 
favourable policy environment, affordable power and highly skilled workforce. 

Northern Virginia’s selection as one of the four original Network Access Points during the 
commercialisation of the Internet in the 1990s led it to become a major intersection of 
the fibre optic backbone network. Following the loss of a USD 1 billion data centre project 
to neighbouring North Carolina in 2009, Virginia significantly expanded its tax exemption 
for the sale and use of data centre equipment, and the Virginia General Assembly recently 
extended these incentives to 2035. Streamlining the municipal government’s approval 
process in co-ordination with electric utilities’ proactive capacity planning has been 
instrumental to accommodating the sector’s growth (JLARC, 2024).  

Data centres’ long-term PPAs have supported the buildout of over 6 GW of solar power 
capacity in the state, and their growing demand has been cited as a key motivation 
behind the development of the Coastal Virginia Offshore Wind project, the largest 
offshore wind project in the United States. The high concentration of data centres has 
also supported the development of a highly skilled workforce with expertise in data 
centre construction and operation. With over 500 colleges and universities in the 
Mid-Atlantic region, including many of the world’s highest-ranked institutions, local 
collaborations have emerged between data centre operators and academic institutions 
to offer scholarships and align academic curricula with the evolving needs of data centre 
operations.  

While the jobs and tax revenue that data centres provide generally result in a positive 
net impact for local communities, they are large industrial facilities that can significantly 
affect their surroundings, and there is growing public opposition to further development 
stemming from concerns about declining property values due to their visual impact as 
well as the constant noise from cooling units and backup generators.  
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flexibility services remain modest compared to the overall operating costs (though faster grid 
access can help avoid high opportunity costs).  

Table 2.5 ⊳ Options for data centre flexibility 

Category Description Example 

Onsite 
batteries 

Balancing energy supply during peak 
demand and providing backup power 
to the data centre. Batteries can also 
contribute to grid stability. 

• Google installed onsite batteries 
(2.75 MW/5.5 MWh) at its data centre campus 
in Belgium. 

• A Microsoft data centre in Dublin employs 
batteries as part of its uninterruptible power 
supply system to provide backup power and 
assist in balancing grid frequency. 

Backup 
generation 

Running backup generators during grid 
stress events to reduce reliance on the 
grid. 

• Enchanted Rock is developing a natural gas 
plant for a Microsoft data centre in California. 

• American Electric Power secured an 
agreement to purchase up to 1 GW of Bloom 
Energy’s solid oxide fuel cells.* 

Cooling  Adjusting cooling load temporarily to 
optimise energy use, including using 
“cold batteries”, such as thermal 
storage. 

• CIV France in Lille utilises a 50 m³ ice storage 
system, equivalent to a 700 kW chiller, capable 
of operating for 30 minutes. 

• The Tidel Park facility in India employs ice-
based energy storage to manage its cooling 
load 

Workload 
temporal 
management 

Shifting computational tasks to times 
of lower grid demand or higher 
renewable generation availability. 

• Google deployed a “carbon-aware” 
scheduling system to shift workloads to times 
when renewable energy is abundant. 

Workload 
spatial 
management 

Moving computing tasks between 
geographically distributed data centres 
to optimise energy costs, availability 
and sustainability. 

• Google is piloting programmes to dynamically 
shift workloads to locations with cleaner 
energy sources. 

* In this use case, fuel cells are purchased as a power source to run as base load. Other fuel cell configurations 
could provide flexibility. 

Note: GW = gigawatt; kW = kilowatt; MW = megawatt; MWh = megawatt hour; m³ = cubic metre.  

Backup generation is typically already installed to cover grid outages. If utilised for flexibility 
purposes, runtimes would increase and data centres should prioritise low-emissions fuels, 
such as biofuels, natural or renewable gas, or low-emissions technologies such as fuel cells. 
However, this requires addressing complex challenges related to fuel availability and storage. 
While backup generators could offer a convenient flexibility solution, they are not designed 
to function as power plants and are usually subject to regulations regarding noise and air 
pollution. Currently, backup power is likely to provide only limited scope to increase data 
centre flexibility. 

Cooling accounts for between 10% and 30% of a data centre’s load. When paired with 
thermal storage that has a few hours of capacity, the data centre can reduce its real-time 
consumption for cooling and shift it to off-peak hours.  
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Additionally, workloads can be shifted over time and across data centres. Virtualisation 
allows scheduling based on grid conditions, prioritising times or locations with lower 
congestion. This flexibility is particularly beneficial for AI training and some kinds of AI 
inference that are not sensitive to latency. However, any such scheduling needs to balance 
the financial goal of maximising GPU utilisation rates (Box 2.9). This flexibility option does 
not apply equally across all data centres, with those hosting third-party applications having 
lower control over their workloads.  

Such workload management strategies are still in their infancy, but the industry does have 
some experience with analogous practices. For example, when they face low utilisation rates, 
Microsoft, Amazon and Google offer spare capacity at discounts of up to 90%, in exchange 
for the flexibility of interruptibility without notice. Shifting workloads across European data 
centres increases video call latency by only 10%, a negligible impact for most applications 
(Kelly, et al., 2016). Moreover, studies suggest that 30-50% of workloads are delay tolerant, 
a figure likely to rise with the uptake of AI training and inference (BNEF, 2021). 

Figure 2.31 ⊳ Technical daily flexibility potential from data centres,  
2030 and 2035 

 
IEA. CC BY 4.0. 

Data centres could provide up to 50 GW of flexible capacity by 2035 by combining 
spatial and temporal workload shifting with cooling load management 

Note: EMDE = emerging market and developing economies.  

In addition to providing peak shaving services, in the future, data centres may be able to 
provide more frequent flexibility services to support the integration of variable renewables, 
for example. Our analysis finds that around 50 GW of data centre capacity could have the 
potential for flexibility by 2035, assuming that 25% of accelerated workloads could be 
spatially or temporally shifted during daily demand peaks, and 10% of conventional 
workloads (Figure 2.31). One-third of the flexible capacity would come from the scheduling 
of workloads on accelerated servers. Cooling contributes to around 25 GW of flexibility, and 
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From a theoretical economic perspective, the feasibility of data centre operational 
flexibility depends on the actual opportunity cost of changing the utilisation patterns of 
extremely capital-intensive equipment. However, there are additional operational and 
contractual constraints, such as the need to reserve capacity for unpredictable but 
already contracted workloads. 

Figure 2.32 ⊳ Flexibility activation cost of selected technologies and 
electricity prices in Texas 

 
IEA. CC BY 4.0. 

Shifting accelerated server workloads can range from being cost-free to incurring  
high opportunity costs, comparable to flexibility events in certain markets 

Notes: The low and high opportunity costs of accelerated servers reflect, respectively, the spare capacity 
and the need for additional investment to create sufficient headroom. Battery low and high costs are 
computed, respectively, for 300 and 50 cycles a year. Electricity prices are for the Texas, Houston area. 

2.6.4 Optimising interactions with power system operators and planners  

Mitigating congestion and the long connection queues in some regions, as discussed 
previously, requires an understanding of the interactions between data centres and system 
operators. Data centres engage with system operators and planners throughout deployment 
and operation, starting with grid connection applications. Key considerations for grid 
operators include infrastructure upgrade cost recovery and allocation. Once operational, the 
interactions of data centres with the grid and their potential impacts on its stability become 
essential (Box 2.10). 

Grid connection applications and waiting queues 

Several solutions can reduce waiting times in grid connection queues, with clarifying the 
connection pipeline being a critical approach. Amid uncertainty on connection timelines, 
some data centres submit duplicate and speculative connection requests, artificially inflating 
queue lengths. The situation is compounded by the scarcity of grid capacity and lack of clear 
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connection timelines at a time when an increasing number of connection requests are being 
made by various other projects, such as renewables and batteries.  

In some regions, waiting periods for data centre connection have extended to a decade. 
While viable projects risk delays as a result, grid operators also risk overbuilding capacity for 
projects that may never materialise. Implementing stronger verification requirements, 
milestone-based progression systems and improved application tracking would help 
operators identify duplications. This approach would provide planners with a more accurate 
assessment of genuine demand, reducing pressure to build for theoretical peak loads that 
substantially exceed realistic needs. By requiring more substantive evidence of commitment, 
operators can establish a more efficient connection pipeline that properly aligns with actual 
growth patterns. A structured capacity commitment framework can achieve this by requiring 
long-term contracts between data centre projects and utilities, payments for a minimum 
percentage of contracted capacity and financial assurances. Contracts can include provisions 
for phased capacity ramp-ups, cost-recovery mechanisms and penalties for early termination 
or significant capacity reductions (American Electric Power, 2025). 

Transmission system operators can also alleviate the issue of large connection queues due 
to limited grid capacity by implementing incentive structures that encourage data centres to 
be built in areas without grid congestion. Transparency between grid operators and 
prospective customers plays a critical role in grid optimisation, such as providing maps to 
visualise the hosting capacity of transmission lines for large loads to identify the most 
favourable connection point. Optimising the location of data centres is described in 
section 2.6.2. 

System planners plan for grid investments according to comprehensive electricity load 
forecasts. In a situation where various data centre projects in the connection queue do not 
materialise due to speculative and duplicate applications, the planners may be at risk of 
overestimating demand and overbuilding capacity, incurring additional costs. The 
European Union Agency for the Cooperation of Energy Regulators reported in their 2024 
Monitoring Report (ACER, 2024), for a general case, that a 10% overestimation of demand 
leads to a 10% rise in total grid costs. At the same time, such costs could be highly location 
specific. If the predicted data centre load does not materialise, the costs and risks of these 
grid investments are often socialised across other ratepayers. The way that these costs are 
managed can have distributive impacts if costs are recuperated through increased utility bills 
for all customers in an area, including residents and small businesses, disproportionally 
affecting low-income households.  

Typically, when a transmission system operator connects a data centre to the grid, the data 
centre pays for the high-voltage line to make the connection. If infrastructure upgrades are 
needed within the broader grid to manage increased electricity demand, grid operators in 
Western Europe and the United States usually recover these costs through electricity tariffs 
applied to all customers (ENTSO-E, 2022; CRS, 2023). However, US regulators are shifting 
towards data centres bearing more of the upgrade costs directly (Utility Dive, 2024). Once a 
capacity request is accepted, that capacity is contractually reserved for the customer and 
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Chapter 3 

AI for energy optimisation 
Applications in today’s energy system  

 

• The energy system is complex and evolving. It is becoming increasingly electrified, 
digitalised, connected and decentralised, with mounting cost pressures. These drivers 
have encouraged energy companies to deploy applications that utilise artificial 
intelligence (AI) to optimise systems, improve production, reduce costs, raise 
efficiency, cut emissions and enhance safety. In this chapter, we estimate the sector-
wide impacts of known AI applications on a range of optimisations in a Widespread 
Adoption Case, to explore the impacts of optimistic uptake of AI in the energy sector.  

• Oil and gas companies have been among the earliest adopters of new technologies to 
boost exploration and production. The number of supercomputers deployed in the 
sector has doubled since 2010 and total computing capacity has grown at almost 70% 
annually. In the Widespread Adoption Case, AI could reduce costs in oilfield 
development and operations, potentially improving the affordability of fuels, but it 
could also have broader ramifications, including increased emissions. 

• AI could also have a major impact in electricity systems owing to the complexity of 
supply, transmission and demand profiles. In the Widespread Adoption Case, the 
application of AI in power plant operations and maintenance yields potential cost 
savings of up to USD 110 billion annually by 2035 from avoided fuels and lower costs. 
AI also enables greater integration of renewable electricity into the grid.  

• The applications of AI in end-use sectors are varied but have significant potential. In 
industry, AI is being used to optimise production processes. In the Widespread 
Adoption Case, energy savings of around 8% could be achieved by 2035 in light 
industry, such as the manufacturing of electronics or machinery. AI in transport can 
enhance vehicle operation and management, which could cut energy consumption by 
up to 20%; it also has applications in reducing contrails and improving electric vehicle 
ranges. In buildings, the potential is limited by the rate of digitalisation, but there are 
compelling illustrations of impact, such as on efficiency and demand response. 

• Accurate weather forecasts and analysis of changing weather patterns in a warming 
world are essential to optimise the operation, planning and resilience of energy 
systems. AI has been improving the accuracy of weather forecasts and also reducing 
computational demand.  

• The adoption of such AI applications at a sector-wide level, however, is not a given. 
Various barriers are limiting the extent to which existing AI applications can be 
implemented, hindering the pace of change. These include unfavourable regulation, 
lack of access to data, inaccessibility, interoperability concerns, critical gaps in skills, 
the paucity of digital infrastructure and, in some cases, a general resistance to change. 

S U M M A R Y  
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3.1 Introduction  
Artificial intelligence (AI) is being deployed across various parts of the global energy system, 
where AI applications are suited to meeting a wide variety of objectives, including cutting 
costs, integrating a growing share of variable renewables, making systems more efficient, 
enhancing fuel supply, ensuring timely maintenance of infrastructure and reducing 
emissions. This chapter focuses on where AI is being used, and could be used, to optimise or 
accelerate the deployment of existing technologies and processes used in the energy system. 
Chapter 4 examines the use of AI in the innovation process for novel technologies.  

The energy system is highly complex, with multiple sources of energy following a web of 
flows and transformations to many end-uses. AI thrives on complexity like this, identifying 
patterns that can be leveraged to improve efficiencies. It is already having an impact on the 
energy sector but only in a limited, nascent way. Alongside greater electrification and 
digitalisation, AI is well placed to support a more resilient, affordable and sustainable energy 
future.  

Figure 3.1 ⊳ Energy supply, transformation and end-use, 2024 

 
IEA. CC BY 4.0. 

The global energy system is large and complex; fossil fuels still dominate primary energy 
supply, but their share is set to decline, while in end-uses the role of electricity is growing  

The energy system can be understood in three broad parts:  

 Primary energy supply includes the extraction or mining of energy resources. 

 Transformation and transmission refers to the processing of primary energy sources 
into appropriate forms, such as the generation of electricity or the refining of crude oil, 
together with their transportation to consumers. 
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deployed across multiple sectors: for example, AI-enhanced digital twins or predictive 
maintenance can help optimise the design and operation of oil and gas platforms, large 
power plants and major industrial facilities. AI can also enhance the capabilities and accuracy 
of climate and weather science, yielding further potential energy sector benefits. 

Table 3.1 ⊳ AI applications for energy optimisation and their applicability 
by sector 

Category Oil and 
gas 

Critical 
minerals Power Grids Industry Transport Buildings 

Resource 
management ● ● ● n.a. ● n.a. n.a. 

Applications related to the assessment, characterisation and extraction of resources, 
including fossil fuels, critical minerals, renewables (e.g. wind, solar, hydro and 
geothermal) and CCUS. 

Design and 
development ● ● ● ● ● ● ● 

Applications related to the design, planning, development and construction of assets 
to extract, harness, transform and transport resources, and assets that are end-users 
of energy. 

Operational 
optimisation ● ● ● ● ● ● ● 

Applications that enhance the efficiency and output of a process (or set of processes) 
related to the extraction, generation, transformation and transport of energy, or in 
end-use sectors. 

Automation and 
autonomy ● ● ● ● ● ● n.a. 

Applications that remove significant elements of human interaction within a system or 
process. 

Legend:  n.a. = not applicable;  ● = limited relevance;  ● = moderate relevance;  ● = highly applicable 

Note: CCUS = carbon capture, utilisation and storage. 

The rest of this chapter explores existing applications of AI across key parts of the energy 
system and their potential within each sector. 

3.3 AI for energy and minerals supply 
The extraction and supply of fossil fuels, nuclear fuel and the critical minerals needed for the 
components of energy equipment are the bedrock of the energy system. In this section, we 
explore the application of AI in optimising processes in the oil, gas and mineral extraction 
sectors.  

Digitalisation in the oil and gas sector has progressed rapidly in recent years. Oil and gas 
companies were among the earliest adopters of supercomputers to boost prospects for oil 
and natural gas exploration and reduce costs. Mining companies have increasingly developed 
digital technologies in recent years. The growth of AI opens up the potential to expand on 
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this, helping companies to explore and identify additional volumes of oil, gas and minerals 
and plan their development, reduce costs, improve safety and reduce environmental impacts 
(Figure 3.3). 

3.3.1 AI for oil and gas supply 

The oil and gas industry has been a technology pioneer for more than 150 years and is now 
a complex global industry that can overcome large geological and engineering challenges. 
Continued investment in oil and gas supply will remain an essential element of energy 
transitions, even if demand were to decline in line with climate goals. This is because natural 
declines in oil and gas production from existing sources of supply are generally much sharper 
than declines in demand (a detailed discussion on this is provided in the IEA report, The Oil 
and Gas Industry in Net Zero Transitions (IEA, 2023)). AI applications in oil and gas supply can 
therefore help play a role in energy transitions by ensuring that sufficient supplies are 
available at lower cost and with lower emissions (Table 3.2). 

Table 3.2 ⊳ Applications of AI in the oil and gas sector  

Application Description Impact on energy Example 

Resource management   

Exploration and 
development 

More reliable resource 
evaluation; reduced 
predrilling uncertainty 

● High: Reduced costs; 
faster development 
times 

Subsurface data 
processing; reservoir 
simulation 

Operational optimisation   

Operations and 
safety 

Optimising and 
automating production 
and processes; 
leveraging digitalised 
set-ups 

● High: Lower costs; 
greater reliability and 
resiliency through 
simplified supply 
chains; safer working 
conditions; fewer 
failures and 
environmental impacts 

Remote operations; 
predictive maintenance; 
regulatory compliance 

Emissions reduction Better identify and 
mitigate leaks, both 
existing and at-risk 

● High: More robust 
supply through 
improved leak 
detection, repair and 
prevention; long-term 
carbon storage 
certainty 

Leak detection and repair 
automation and 
prediction; sensor data 
integration 

In 2000, 11 supercomputers operated by oil and gas companies ranked among the world’s 
500 fastest. By 2024, this number had increased to 24, and total computing capacity has 
grown at almost 70% annually, outpacing the broader supercomputing industry. Companies 
including TotalEnergies, Petrobras and Saudi Aramco recently announced that they were 
developing new supercomputer capabilities for applications across exploration and 
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production, operations and safety, and emissions management; ENI’s latest supercomputer 
is currently the fifth fastest in the world. 

Oil and gas companies are also investing and partnering with AI experts to develop bespoke 
tools for their industry. For example, bp Ventures has made several investments in AI 
companies providing geological services since 2017, and ADNOC announced the completion 
of a 90-day trial of an AI agent based on a 70-billion-parameter large language model that it 
indicated improved the accuracy of seismic processing by 70%, along with other 
improvements (JPE, 2025). The Society of Petroleum Engineers, in collaboration with Aramco 
for financing, is delivering its catalogue of books and papers to a large language model, which 
will be commercially available in the near future. 

Exploration and development 

An essential part of exploring for and developing a new oil and gas deposit is characterising 
the subsurface by acquiring, processing and interpreting the results from seismic surveys. 
This is a data-intensive exercise – in the United Kingdom alone, the National Data Repository 
contains more than 130 terabytes (TB) of data from over 5 000 seismic surveys and other 
sources. The use of AI in seismic processing improves interpretation and image quality and 
makes it up to 90% better at classification (Araya-Polo, et al., 2017). After deciding to develop 
a project, companies need to decide where precisely to drill production wells, and this 
involves the collection of additional data from well logs and other images. The synthesis and 
interpretation of these datasets are increasingly being assisted by digital tools, such as 
machine learning, to help assess where the oil and gas may be present in sufficiently large 
accumulations. 

Successful operations rely on simulating the behaviour of rocks and fluids during oil and gas 
production. Reservoir simulation models now use 2 TB to 10 TB of data and require systems 
capable of 100 teraflops to 1 000 teraflops of processing speed. AI can significantly enhance 
the accuracy and speed of these processes. The use of deep learning algorithms has allowed 
faster loading and processing of large volumes of data from multiple sources, including well 
logs, seismic data and production information, which are entered into simulation models. 
Physics-informed machine learning has enhanced the ability to model more complex 
reservoir behaviour (Anson, 2024). For example, Chevron combines field data with physics-
based models and machine learning to predict well performance and production forecasts 
more accurately (JPT, 2022). This allows geological models of hydrocarbon reservoirs to be 
created in hours rather than months.  

Operations and safety  

Production forecasting is a critical component of the oil and gas industry, enabling companies 
to optimise operations and manage resources effectively. Traditional methods have been 
ever-present in the computational requirements of the industry, and they rely on many 
assumptions and oversimplifications. AI-driven forecasting methods have been evolving to 
overcome these challenges and improve results. Various AI and machine learning techniques 
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are being applied to production forecasting. For example, a hybrid AI model for oil 
production showed significant improvements in accuracy compared to traditional methods 
(Abdullayeva and Imamverdiyev, 2019), and a recent comparative analysis of machine 
learning techniques predicted oil production to a much higher degree of accuracy 
(Omotosho, 2024). Recently, ExxonMobil’s AI-powered demand forecasting model was 
reported to have reduced forecast errors by 25% (Kuang, et al., 2021). 

The use of AI can also significantly increase the potential for operations, monitoring and 
control to be carried out remotely. A typical oil platform operates tens of thousands of 
sensors (measuring aspects such as the temperature, pressure, and flow rates of produced 
liquids), which generate terabytes of data. Analysing and utilising these data streams from a 
centralised, remote location can increase efficiency and safety and reduce the costs of 
operations, which AI can assist in the management of (Figure 3.3). For example, cloud 
computing allows for the remote analysis of datasets, remote operational decisions and the 
creation of digital twins, such as Aker BP’s recent streamlining of operations with digital 
twins. 

Figure 3.3 ⊳ AI applications in oilfield operations  

 
IEA. CC BY 4.0. 

Many AI applications require input from sensors and the ability to process data remotely 
and quickly, supported by networks enabling data flows across geographies and systems 
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Assessing sector-wide impacts on costs 

It is unlikely that AI can reduce the costs of all oil and gas production as things stand: many 
facilities around the world were installed some time ago and do not necessarily have the 
appropriate infrastructure to accommodate AI (retrofitting these facilities would carry 
additional costs, making the application of AI less attractive). Nonetheless, we can illustrate 
the potential of AI to reduce costs for new facilities by considering an example of new 
deepwater offshore oil development. 

Producing oil from a new field involves labour, drilling, materials, and data processing and 
storage costs at each of the exploration, development and operations stages. A new offshore 
deepwater oil development today, with 25 million barrels of recoverable hydrocarbons, 
would cost around USD 10 per barrel in development and USD 15 per barrel during 
operations.  

Figure 3.4 ⊳ Cost of exploration, development and operations today and in 
the Widespread Adoption Case for a new oil deepwater project 

 
IEA. CC BY 4.0. 

In the Widespread Adoption Case, AI-led interventions could reduce the costs of finding, 
developing and operating a new deepwater offshore project by up to 10% 

Note: WAC = Widespread Adoption Case. 

We estimate that the widespread use of AI would mean drilling operations would become 
more efficient (e.g. fewer exploration wells would be required and production wells could be 
better targeted) (Figure 3.4). There would also be reduced labour needs (e.g. by allowing 
some operations to be carried out more remotely), and overall expenditure on materials 
would be lower (e.g. from more streamlined materials supply chains and less waste). Data 
processing and storage needs would increase substantially, but computing costs would 
become less expensive per unit of activity given economies of scale and the adoption of AI 

 5

 10

 15

Current WAC Current WAC Current WAC

U
SD

/b
ar

re
l

Data processing
and storage
Materials

Drilling

Labour

Exploration Development Operations

IE
A.

 C
C

 B
Y 

4.
0







 

Chapter 3 | AI for energy optimisation 121 

 

3 

Table 3.3 ⊳ Key applications of AI across the mining life cycle 

Application Description Impact on energy Example 

Resource management   

Exploration Enhanced resource 
discovery, assessment and 
characterisation 

● Low: Higher discovery 
success rates, lower costs, 
faster exploration 
timelines 

Geophysical data analysis, 
remote sensing, 
geochemical modelling, 
drill target optimisation  

Operational optimisation   

Mine 
operations 

Enhanced automation and 
assessment of operations to 
improve efficiencies 

● Low: Increased 
productivity and safety, 
reduced downtime and 
operational costs 

Predictive maintenance, 
fleet dispatch, ore grade 
control 

Processing and 
metallurgy 

Enhanced use of data from 
real-time processing 
operations to gain 
efficiencies 

● Medium: Higher recovery 
rates, lower energy and 
reagent consumption, 
improved process 
efficiency 

Process automation, 
sensor-based sorting, 
machine vision in 
flotation, metallurgical 
modelling 

Automation and autonomy   

Mine 
operations 

Removal of human 
operation of haulage 
vehicles 

● Medium: Increased 
productivity and safety, 
reduced downtime and 
operational costs, higher 
fuel efficiency 

Autonomous haulage 

Box 3.2 ⊳ Reducing uncertainty in mineral exploration with AI 

The Mingomba copper deposit in Zambia ranks among the largest undeveloped copper 
deposits in the world. It is estimated to contain about 250 million metric tonnes of copper 
at a grade of 3.6%, around seven times the grade of the average copper mine. (Lobito 
Corridor Investment Promotion Authority, 2024) 

It was first discovered in the 1970s and planned as an extension to the Lubambe mine, 
located in the heart of the Zambian Copperbelt. Commercial copper mining in the region 
has been ongoing for more than a century, relying on its large, high-grade orebodies. 
Despite the resource potential indicated by the deposit’s proximity to existing reserves 
and commercial operations, the depth of the orebody – more than a kilometre 
underground – presented challenges in resource characterisation and recovery. 

In 2022, KoBold Metals, a company specialising in AI-driven mineral exploration, acquired 
a stake in the Mingomba project and began applying its machine-learning and data-driven 
geoscience methodologies. In 2024, KoBold validated the conclusions of a 2020 concept 
study commissioned by Lubambe. Unlike conventional greenfield exploration, Mingomba 
provided a rich legacy dataset – including seismic surveys and historic drill core logs – 
which KoBold used to train its AI models. 

Rather than relying on costly, high-density drilling, the AI model focused surveying efforts 
on areas that would yield the most useful data. This iterative process, comprising data 
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Table 3.4 ⊳ Potential applications of AI in power generation 

Application Description Impact on energy Example 

Design and development   

Planning and 
design 

Selecting the optimal 
equipment, siting and 
infrastructure planning for 
power plants and storage 
projects 

● Medium: Maximise asset 
performance, lifetime 
operation and returns on 
investment 

AI used to optimise the 
design of renewable 
projects such as wind and 
solar PV farms  

Process 
optimisation 

Processes necessary to 
deploy generation 
installations involve 
repetitive tasks 

● Low: Productivity 
increases, generally 
resulting in cost savings  

Generative AI analyses 
tender documents and 
supports the creation of 
proposals 

Operational optimisation   

Dispatch 
prediction 

Operators need to decide 
when to activate their 
assets 

● Medium: Increases 
efficiency of the market, 
enables players to 
improve their business 
models 

Market models representing 
the merit order system use 
AI to predict day-ahead 
market prices 

Anomaly 
detection 

Operational data need to 
be analysed both online 
and offline for unusual 
patterns 

● Medium: Relieves 
human experts from 
routine tasks, increases 
productivity 

AI is trained with normal 
signal patterns, as well as 
patterns from irregular 
events, and raises the alarm 
upon detecting irregularities 

Service 
interventions 

 

 

Service moving from 
predetermined inspection 
and maintenance 
schedules to more 
flexibles ones 

● High: Potential to reduce 
number of inspections 
during lifetime and/or 
extend lifetime of 
equipment 

AI uses operational data 
from heat recovery steam 
generators to predict wear 
and corrosion status, thus 
reducing on-site inspection 
needs 

Autonomous 
operation 

Plants able to be 
maintained and operated 
with reduced staff 

● High: Several 
intermediate stages exist 
to achieve fully 
autonomous operation; 
cost benefits increase 
with each step 

AI uses sensor data, expert 
knowledge and even data 
collected by maintenance 
robots or drones to ensure 
safe and reliable remote or 
autonomous operation 

Improving planning and design choices 

At the earliest stage of a power plant or storage project, AI can be applied to make better 
choices concerning the planning and designs. For renewable energy projects, AI is being 
applied to design solar and wind projects, including the selection of primary equipment (solar 
panels or wind turbines), the siting of the equipment (orientation of panels, available areas 
and spacing of turbines) and the planning of supporting infrastructure, all to optimise 
performance and returns on investment. Examples of AI tools to optimise renewable project 
designs include the Wind Plant Graph Neural Network from the US National Renewable 
Energy Laboratory, the Sedar project by Iberdrola with the Barcelona Supercomputing 
Centre, Aurora Solar and the Google Maps Platform Solar API. For nuclear energy, AI is being 
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developed to improve reactor design and performance, benefiting from previous designs and 
experience, with the aim of reducing construction costs, extending operating lives, raising 
operational flexibility and enhancing safety. For battery storage, AI is being applied to 
optimise charging cycles and defect monitoring in order to extend asset lifetimes, reduce 
costs and maximise value.  

The application of AI in the planning phase of thermal power plants relies on the digital data 
created during the operation of existing units. The typical number of sensors for a gas-fired 
power plant is more than 6 000. Depending on the sensor type, time resolution ranges from 
milliseconds to hours, and the amount of data points produced can be anywhere from a few 
thousand to several million per year for each sensor.  

While rule-based algorithms can already extract much useful information from the pool of 
data produced by a power plant, using the data to train AI models adds many more potential 
use cases. Digital twins, which are virtual replicas of physical assets or processes, can benefit 
from AI’s ability to make up for deficiencies in the representation, for example insufficient 
numbers of sensors, straying material properties or manufacturing tolerances. 

Streamlining permitting and construction 

In the next phase of a project, AI can also be applied to accelerate permitting and licensing 
processes, which often span several years and require thousands of pages of documents to 
be drafted by applicants and processed by regulators. Lengthy permitting times have been 
flagged as a concern for countries seeking to reach their policy ambitions, including for 
renewables. Recent efforts have been made to shorten timelines, including a rule in the 
European Union targeting a maximum limit of two years for wind power projects. AI tools 
can benefit from previous permitting processes and environmental data, enabling faster 
processes and better outcomes. For example, in the United States, a project is underway to 
train AI tools with information from over 28 000 documents related to close to 
3 000 environmental impact statements (PNNL, 2024). 

During the construction phase of power plants and storage, AI can be applied to streamline 
complex logistics and project planning, reducing construction times and costs. For example, 
wind turbine logistics are complex as a result of their size – a single blade can exceed 
100 metres even for onshore projects. An AI machine learning tool from GE Vernova is 
targeting a 10% reduction in the logistical cost of installing wind turbines. Broader gains in 
technology supply chains would reduce construction times for a wide range of power plants 
and storage assets (GE Vernova, 2022).   

Improving operational decisions 

Once built, AI can be applied to improve the operation and maintenance of power plants and 
storage assets, offering the potential to increase uptime, improve efficiencies, reduce 
maintenance and fuel costs and even reduce stress on the asset. Predictive and condition-
based maintenance strategies can potentially yield benefits in all these areas. These 
approaches rely on AI models trained with historic and asset-specific operational data. AI can 
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also facilitate the development of digital twins, such as those available from Siemens Energy, 
which have the potential to enable real-time monitoring and simulation of power sector 
assets, allowing for proactive maintenance and performance optimisation. AI could also be 
applied to key component inspections, with AI models trained to support visual screening by 
human experts.  

AI can also be applied to optimise the operation of individual assets by using local weather 
and wholesale market predictions for demand and prices. Two examples of improved local 
weather forecasting are the MeteoFlow project by Iberdrola to optimise renewable energy 
output, applying big data, machine learning and AI (Iberdrola, 2016), and the Myst AI tool 
used by Enel to rapidly create highly accurate forecasts of renewable output (Enel, 2022). AI 
can also be used to predict hydropower inflow and generation, both in the short term 
(Sapitang, et al., 2020) and in the longer term, taking into account the effects of climate 
change (Salomon, et al., 2022). In the current energy landscape, thermal power plants are 
increasingly being utilised for load-following operations. This means that instead of operating 
at a constant output, these plants adjust their power generation to match the electricity 
demand. During periods of high renewable energy output, thermal plants reduce their 
output, and conversely, they ramp up production when renewable sources are insufficient 
to meet demand. This flexibility is crucial for maintaining grid stability and ensuring a reliable 
supply of electricity. Improved accuracy of predictions over minutes, hours, days and months 
could enable more optimal use of thermal and storage assets, enabling more continuous and 
efficient operations (Hanley and McGuire, 2023). 

Expanding capabilities of power plants 

Beyond the normal operation of power plants, AI has the potential to expand their accessible 
technical capabilities. Regulations governing the power sector and power plants have been 
developed over decades, including detailed codes and standards related to their technical 
capabilities. One example of this is the power factor requirement for an electric generator. 
Frequently, the generator rating (in mega-volt amperes) is required to be up to 25% above 
the driving turbine’s capability (in megawatts). While there are scenarios that do require a 
certain margin, such as grid disturbances, most assets’ mega-volt ampere utilisation is only a 
few percentage points above the turbine rating. AI tools could be applied to assess the real-
time requirements in the grid surroundings and enable a reduction in the margin in many 
individual cases. This would allow smaller generators to be specified at lower cost.  

Power plants are also governed by customary requirements in tender documents that 
sometimes inhibit technical progress, like the application of AI. To unlock the extent of these 
opportunities, codes, standards and tender documents should be reviewed and adapted 
where appropriate. 

Potential impacts of widespread adoption of AI in power generation 

The widespread adoption of known AI applications in power plant operations and 
maintenance can yield substantial benefits. In the Widespread Adoption Case (see Box 3.1 
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3.4.3 AI for electricity networks  

Electricity grids are essential infrastructure that form the backbone of modern power 
systems, delivering electricity to homes, businesses and industries. These networks are 
evolving rapidly from traditional centralised systems into complex, digitalised networks that 
must safely accommodate variable renewable energy sources and distributed resources. 
Because these systems cannot tolerate failures – as interruptions can have widespread 
impacts on essential services – grid optimisation is increasingly important to improve 
efficiency and performance across operational parameters. The increasing complexity of 
grids demands significant investment in modernisation, expansion and digitalisation to 
prevent them from becoming bottlenecks to secure energy transitions. This includes 
deploying new transformers, power lines and pylons across both advanced economies and 
emerging market and developing economies to meet growing demand, replace ageing 
infrastructure and enhance resilience against extreme weather events and other disruptions. 

Table 3.5 ⊳ Potential applications of AI in the real-time operations of 
electricity networks 

Application Description Impact on energy Example 

Operational optimisation   

Dynamic 
operating 
envelope 

Framework that sets real-
time, adjustable operating 
limits for grid-connected 
devices based on current 
network conditions to 
maximise available capacity 
while maintaining security; 
includes dynamic security 
assessment 

● High: Reduces congestion 
costs, increases renewable 
integration, defers grid 
reinforcement investment 
and optimises existing 
infrastructure utilisation 
without breaching security 
limits 

A grid operator increases 
line capacity by 15-30% 
during cooler weather 
conditions, safely 
accommodating 
additional renewable 
generation 

Fault 
detection and 
localisation 

Uses sensors and AI 
algorithms to quickly 
identify and pinpoint grid 
faults, reducing outage 
duration and improving 
response times 

● High: Reduces outage 
duration by 30-50%, 
improves system reliability 
metrics (SAIDI/SAIFI), 
lowers restoration costs 
and enhances customer 
satisfaction 

A distribution system 
operator detects a fault 
within seconds and 
precisely locates it within 
a 100-metre section, 
immediately dispatching 
repair crews to the exact 
location 

State 
estimation and 
automation 

Employs advanced 
algorithms to monitor 
distribution grid conditions 
in real time by inferring from 
measured points the 
electrical parameters at 
points without direct 
observability, enabling 
automated responses to 
maintain stability and 
optimise performance 

● High: Improves grid 
stability during variable 
renewable generation, 
reduces operating margins, 
enables higher distributed 
renewables integration and 
decreases manual 
intervention requirements 

An AI system continuously 
monitors voltage levels 
across the distribution 
network, automatically 
adjusting transformer tap 
settings to maintain 
optimal voltage profiles 

Note: SAIDI = system average interruption duration index; SAIFI = system average interruption frequency 
index. 
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applying AI for planning include KEPCO in Korea, which uses AI for optimal energy planning 
and site selection, Elia in Belgium utilising graphics processing unit-based load flow 
computations for network planning and EirGrid in Ireland applying AI to network planning 
for efficient infrastructure investment decisions. 

Figure 3.7 ⊳ Utilities using AI applications by category, 2024 

 
IEA. CC BY 4.0. 

AI’s support for electricity grids today focuses on optimising asset operation planning  
and maintenance, including fault prevention by automated image recognition 

In asset management, AI helps optimise maintenance schedules and equipment replacement 
based on condition monitoring, with decisions that can be methodically evaluated and 
refined. The survey results show that around 30% of respondents use image recognition AI 
to monitor and manage assets, including signal processing and the tracking of vegetation 
growth. For example, the State Grid Corporation of China (State Grid) applies reinforcement 
learning and AI to optimise scheduling and operation modes – advanced AI techniques that 
help manage complex trade-offs in grid asset operations. Among the TSOs, TEPCO in Japan, 
RTE in France, State Grid and the Elia Group all reported successful implementation of AI 
image analysis for asset monitoring and management, particularly for vegetation 
management. Hitachi Energy is one provider of such solutions (Hitachi Energy, n.d.). EirGrid 
is also exploring machine learning for predictive maintenance. Such applications could 
extend the operational lifespans of networks. For example, just two additional years in 
lifespan would defer the construction of over 3 000 km of new lines by 2035, reducing 
cumulative grid investment by USD 300 billion and saving around USD 15 billion annually in 
capital recovery payments. 

However, adoption remains limited in system-critical operations despite their higher 
potential value. While some TSOs employ “auxiliary AI assistants” for decision support, real-
time operations continue to rely on conventional tools and human expertise, with hesitancy 
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to implement AI solutions in time-sensitive scenarios, even where clear benefits have been 
demonstrated. As a result, some of AI’s most valuable potential contributions remain 
underutilised in daily grid operations. Such caution is understandable for critical 
infrastructure. TSOs prioritise human oversight while gradually leveraging AI capabilities, 
maintaining essential reliability standards for the power system. Nevertheless, a balance is 
needed to preserve the necessary safeguards for critical infrastructure while accelerating 
adoption where appropriate to benefit from the efficiency gains and technological 
advancements that more comprehensive AI integration could deliver.   

Implementation challenges and the way forward for AI in grids 

The barriers to AI adoption in grid operations are common to those faced by all parts of the 
energy sector, as further discussed in section 3.7. Specific to grid operations, the barriers are 
predominantly institutional rather than technical, reflecting broader challenges in deploying 
new technologies rather than AI specifically. While some TSOs have embraced dynamic line 
rating (DLR) solutions, the majority of grid operators lag behind, despite DLR’s proven ability 
to safely increase transmission capacity with clear technical benefits (see Box 3.3). This 
illustrates a potential pattern of resistance to innovation stemming from multiple factors: a 
cautious operational culture that favours maintaining current reliable practices over 
adopting new approaches, challenges faced in developing internal expertise that can bridge 
traditional power system knowledge and emerging technological capabilities, and a shortage 
of AI-skilled talent coupled with insufficient knowledge sharing.  

Beyond institutional barriers, there are significant technical challenges with AI itself. In 
particular, AI systems often disregard physical laws and constraints, whereas electric utilities 
must adhere to these laws. The development of more mature and physically constrained AI 
solutions remains an area requiring improvement.  

Regulatory frameworks further compound these challenges as they lack incentives for grid 
optimisation and struggle to evaluate novel technologies. Traditional regulatory models 
inadequately assess and manage risks from new approaches, while the transition from pilot 
projects to standard practice lacks structured support. Despite initiatives like regulatory 
sandboxes, TSOs receive insufficient backing for the R&D investments needed to establish 
new operational standards, creating a persistent innovation gap. 

One of the significant limitations of relying solely on AI is that it falls short of providing 
transparent and auditable decision-making processes, as required by regulations. For 
example, event reports are mandated to document why human operators made specific 
decisions, but current AI systems lack the capability to articulate their own decision-making 
logic or provide a clear rationale for their actions in written documents. 

Implementation requires thoughtful human integration. While AI excels at analysing datasets 
and recognising patterns, it cannot fully replicate human judgment in complex operational 
decisions. Historical data may not capture emerging system behaviours in evolving power 
systems. Explainability is key: engineers need to easily understand the underlying data and 
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grid transfer capacity, or building a whole new line in order to accommodate new peak 
flows. DLR technology does not necessarily rely on AI and has been tested and 
implemented by grid companies worldwide. However, real-time monitoring is crucial as 
actual conditions can occasionally fall below static ratings, creating undetected safety 
risks – making direct measurement vital for equipment safety.  

This untapped resource could be mobilized quickly. DLR systems could activate 115-175 
GW of additional global transmission capacity at a fraction of the $35-52 billion cost of 
equivalent new power lines. DLR’s core value comes from its ability to accommodate new 
power flows from increased demand or generation sources, effectively preventing 
bottlenecks that would otherwise require costly interventions. Nonetheless, barriers 
remain, including resistance from conservative utility cultures and the lack of regulatory 
incentives for efficiency innovations.  

Not all lines require DLR, as bottlenecks are typically concentrated in specific sections. 
The French grid operator RTE estimates that equipping only 20 lines from its transmission 
fleet would maximise benefits. Grid operators should conduct cost-benefit analysis to 
identify priority candidates, considering deployment costs – typically a few hundred 
thousand dollars per line – against potential value. The economic calculation for 
determining how benefits are distributed among generators, consumers and operators 
varies by market structure and regulatory framework. For example, in the United States, 
on implementing DLR, PPL Electric Utilities (PPL, 2023) saved USD 65 million in one year 
by avoiding congestion costs on a single line (PV Magazine, 2025). In Belgium, socio-
economic benefits of several thousands of euros have been reported in just hours, 
particularly when DLR enabled access to cheaper imports during periods of supply 
constraint (CURRENT, 2021).  

For distribution circuits, the cost-benefit ratio has traditionally been less favourable due 
to lower electricity volumes. However, distribution grid companies like Arva in Norway 
managed to save EUR 30 million by avoiding a line upgrade to connect a wind farm by 
using a DLR system from Heimdall Power (Heimdall Power, 2022). 

3.5 AI for energy end-uses  
In addressing AI for end-users of energy, this report focuses on AI applications for energy 
optimisation in industry, transport and buildings. These sectors together account for around 
95% of global end-use energy demand and have become increasingly digitalised and 
connected, unlocking the potential for AI-led optimisation. 

3.5.1 AI for industry  

The industry sector accounts for 39% of energy end-use and 45% of CO2 emissions from 
energy. Energy-intensive industries account for more than two-thirds of industrial energy 
demand, using energy in processes to produce basic materials such as steel, cement, primary 
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generative design, digital twins and supply chain management – are applications that can 
improve the product development process and general operations. The final category is the 
optimisation of production processes, which combines both aspects by collecting data from 
sensors in the physical process and evaluating the data to optimise operations. 

Table 3.6 ⊳ Applications and potential impact of AI in industry in the short term  

Application Description Impact on energy Example 

Design and development   

Generative 
design 

Generate and test various 
designs or digital prototypes 
using AI algorithms  

● High indirect: Products can 
be designed to be more 
energy efficient; 
production can be 
established faster for new 
technologies 

Improved design of gas 
turbines, shortening 
development time with 
increased turbine 
efficiency (Siemens, 2023)  

Operational optimisation   

Process 
optimisation 

Holistic optimisation of the 
production process through 
collected data 

● High: Energy efficiency 
gains through optimisation  

Improved fuel mix for 
cement production 
(CarbonRe, 2024)  

Quality control Quality check, e.g. through 
image recognition of input 
and output materials and 
products, leading to an 
adjustment in the 
production process 

● Medium to ● High: 
Energy consumption can 
be optimised for the 
desired output quality and 
material needs can be 
reduced 

Optimise scrap use for 
steel production based on 
quality (Fero Labs, 2024) 

Predictive 
maintenance 

Early identification of 
potential issues enabling 
maintenance without 
unplanned downtime 

● Medium: Equipment can 
be operated more 
efficiently 

Detecting stress on 
mechanical elements 

Digital twin Virtual representation of a 
process/factory allowing 
simulation of new 
configurations 

● Medium: Accelerate 
energy-efficient plant set-
ups and identify process 
optimisation  

Real-time simulation of 
new plant configurations 

Supply chain 
management 

Various applications of AI to 
optimise the supply chain 

● Low: More efficient supply 
chain  

Optimising demand, price 
forecasting or transport 

Automation and autonomy   

Robots  Improved management of 
robot automation; better 
handling of variations in 
items and processes; more 
efficient working alongside 
humans 

● Low direct: Minor gains 
through efficient 
movements;  

● Medium indirect: May lead 
to faster product cycles 
and lower costs for 
manufactured goods 

Fully automated smart 
factories, robots 

All of these applications affect the energy demand of industrial processes directly or 
indirectly (Table 3.6). Optimising production processes often directly targets a reduction in 
energy demand and therefore has the highest direct impact. However, other applications, 
such as quality control, predictive maintenance and robots, can also have considerable 
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managed to reduce the energy consumption of a plant in Czechia by 2.2%, leading to a 4.1% 
reduction in fuel costs. Energy savings in further projects can reach around 5% (CarbonRe, 
2024). AI algorithms can also help to substitute fossil fuels efficiently with alternative fuels 
without a reduction in cement output quality. In the paper industry, case studies in Canada 
and Morocco on optimising control systems and steam flows identified potential savings of 
more than 5% (Batouta, Aouhassi and Mansouri, 2024; Nadim, et al. 2023).  

Figure 3.9 ⊳ Energy savings in the Widespread Adoption Case from 
optimising production processes, 2035 

 
IEA. CC BY 4.0. 

Light industries show a higher relative savings potential as energy use is less optimised; in 
heavy industries, AI can still improve energy efficiency and thereby also competitiveness 

Note: EMDE = emerging market and developing economies.  

Based on an evaluation of existing use cases, the potential savings from applying AI-based 
process optimisation in non-energy-intensive industries are even higher. In many of these 
industries, energy accounts for a lower share of total production costs, meaning energy use 
is not always optimised. Additionally, the share of small and medium-sized enterprises is 
higher, and these often have a lower degree of digitalisation due to the high level of 
investment needed to digitalise production, lower access to digital infrastructure and lower 
skill levels. Low levels of digitalisation are a barrier to harvesting the potential of AI in these 
sectors.  

The high potential impact of AI means the total energy savings it can achieve in non-energy-
intensive industries are higher than in energy-intensive industries, even though they account 
for less than a third of total industrial energy demand. In the Widespread Adoption Case, the 
scaling up of known AI applications could reduce energy demand in “other industry” by up 
to 5.2 EJ by 2035, 70% more than in energy-intensive industries. These savings impact 
electricity demand in particular, reducing it by almost 700 terawatt hours (TWh) globally, as 
electricity accounts for around a third of energy demand in other industry. Advanced 
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Figure 3.12 ⊳ Levelised cost of production for clean technology manufacturing 

 
IEA. CC BY 4.0. 

Reducing material costs through AI shows the highest potential for EV and wind turbine 
manufacturing, while optimising energy costs has a high potential for solar PV 

Note: CAPEX = capital expenditure; OPEX = operating expenditure.  

Source: IEA (2024b). 

Material and energy costs are the most important components for solar PV manufacturing. 
For energy costs, efficiency gains through AI of 10% – which appear possible for high-tech 
industry according to a range of use cases – can reduce production costs on average by 
around 3%, saving around USD 5 per kilowatt. However, these savings strongly depend on 
the prevailing energy prices and can be higher in regions with higher prices. Upstream cost 
reductions from AI can bring down costs for the most important input materials (aluminium, 
glass and silicon), and generative design could enable lower-cost alternative materials. 
Finally, quality control is a highly relevant application for solar PV manufacturing as cracks 
can be identified in situ, which is particularly relevant for regions with high quality standards. 
A similar approach applied to wind turbine manufacturing has led to a 20% reduction in 
quality defects (WEF, 2025a).  

Materials and components are clearly the most important determinants of cost for battery 
electric vehicles. Around a third of the total costs are from batteries, where AI can help in 
the short term to improve the manufacturing process and in the long term to innovate new 
battery technologies (section 4.4.1). For many years, the use of robots has been growing in 
final car assembly, but AI has further increased the precision of robots and can lead to cost 
decreases in a market with tight margins and high throughputs.  
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datasets on routes and interactions between taxi drivers can enable more efficient ride-
hailing services, lowering emissions by optimising shared taxi rides and reducing the need 
for individual cars. Demand prediction and smart scheduling of public transport could 
lead to significant energy efficiency gains using AI-powered data analysis (Miller, et al., 
2024). An overview of the opportunities for optimised energy end-uses through AI in 
cities is shown in Figure 3.14. 

Figure 3.14 ⊳ AI applications in transport  

 
IEA. CC BY 4.0. 

AI can deliver optimisation and improved operations across multiple end-uses, 
especially for passenger and freight urban mobility 

However, it is important to note that AI’s energy demand outcomes can be mixed. For 
example, automated vehicles may increase demand for ride-hailing, displacing journeys 
from public transport to private vehicles, which could result in higher energy 
consumption and more road space requirements (IPCC, 2022a). AI applications in urban 
areas must be dynamic, adaptable and transparent to mitigate adverse energy rebound 
effects and ensure long-term infrastructure sustainability. 
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AI applications in air, shipping and rail  

In aviation, AI-driven flight route optimisation systems show the potential to reduce fuel 
consumption by 5-12% per flight (Alaska Airlines, 2024; McKinsey & Company, 2017). In 
shipping, AI-based navigation platforms with voyage optimisation tools can reduce fuel 
consumption by up to 10% by minimising extreme manoeuvres and travel distances (Orca AI, 
2024). They can also benefit shipping operations by taking advantage of favourable currents 
and winds. Maersk, for example, has utilised such AI-based tools since 2010 to map out 
optimal routes, factoring in real-time data on weather conditions, port congestion and fuel 
efficiency (Medium, 2024). AI-based autonomous navigation systems can reduce fuel 
consumption by up to 15% (Miller, et al., 2024). AI-powered energy optimisation systems 
enabled Carnival Corporation, the world’s largest cruise line operator, to achieve a 5% 
reduction in fuel consumption across its fleet (Sailor Speaks, 2024).  

Rail is the most electrified transport mode, with over two-thirds of activity currently 
electrified, and yet AI may offer even greater energy savings. AI-based operation 
optimisation systems, including routing and predictive maintenance tools, can reduce rail 
energy demand by up to 20%. VIA Rail Canada, SNCF and Deutsche Bahn use AI-enabled eco-
driving systems to reduce energy consumption, with expected reductions of 10-15% (UIC, 
2024). Autonomous trains with GoA3-level automation can achieve even higher fuel 
consumption reductions by increasing system capacity and optimising network operations. 

Figure 3.16 ⊳ Energy savings in non-road transport modes in the Widespread 
Adoption Case, 2035 

 
IEA. CC BY 4.0. 

With the adoption of known AI applications, energy demand savings for non-road modes 
could reach around 1.5 EJ by 2035, with aviation accounting for half of these 

In the Widespread Adoption Case, energy demand reductions in non-road modes could reach 
around 1.5 EJ by 2035, with aviation accounting for half of these savings. In rail, the high level 
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time weather, occupancy and indoor temperature data to map the physical properties of a 
building, which in turn enables AI models to discover thermodynamic equations that most 
accurately forecast the future needs of occupants. Since AI-enhanced BEMS rely on cloud-
computing resources, these systems can make better use of external data points, such as 
electricity prices, grid frequency, weather forecasts, solar irradiance, outdoor air quality and 
local traffic density. All of this allows AI-enabled BEMS to deliver more comfortable energy 
services with less energy and lower costs.  

In Sweden, a municipal real estate company managing over 600 schools switched from 
conventional BEMS to more sophisticated AI-enhanced BEMS, which resulted in around 10% 
electricity savings (Paccou and Roussilhe, 2024). The new system uses data from nearly 
10 000 sensors throughout the school network, before complementing this database with 
weather data, energy tariffs and social data. An AI model is then used to create a digital twin 
of each building and to determine the optimal HVAC control set points every 15 minutes. In 
India, a multinational IT services and consulting company introduced AI-powered BEMS in a 
campus that accommodates over 30 000 people in a variety of buildings, including offices, 
food courts, car parks, a hotel and a data centre (Infosys, 2024). This highly efficient campus 
was already Leadership in Energy and Environmental Design Platinum certified prior to the 
intervention. Despite this, AI-powered BEMS achieved a further 7% increase in energy 
efficiency.  

In some cases, substantial savings have not required investment in new hardware. A 
technology manufacturer in Singapore hired an external service provider to optimise the 
existing BEMS used to manage its 27 000-square metre regional headquarters. Using 
one year of historical data from the existing BEMS, an AI model optimised controls and 
identified savings of 23% in cooling energy use (Industrial Analytics, 2024). AI algorithms 
excel at detecting unusual patterns in buildings data and adapting controls accordingly, 
which can lead to exceptionally high energy savings in buildings that experience extreme 
weather conditions. When AI-enhanced BEMS was introduced in the Monte Rosa Hut, sitting 
at an altitude of 2 883 metres in the Swiss Alps, a 30% reduction in energy consumption was 
attained (Siemens, 2025).  

While full BEMS – covering HVAC, lighting, electrics, plug loads, shading and on-site power 
generation from a single control interface – are only used in a small share of commercial 
buildings, network-enabled HVAC controls that provide similar functionalities are 
commonplace in the sector. In advanced economies, over half of all commercial floorspace 
is equipped with automated HVAC controls and can benefit from AI solutions with minimal 
investment in additional hardware. Meanwhile, only a small share of residential buildings are 
in the same position (Figure 3.17). This reflects not only the higher level of digitalisation and 
turnover of HVAC systems in commercial buildings but also their higher level of 
electrification. Technologies powered by electricity, such as air conditioners and heat pumps, 
are far more likely to include automated controls compared to HVAC systems powered by 
fossil fuels. 
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Figure 3.17 ⊳ Share of floorspace with digitalised HVAC, Widespread Adoption 
Case and theoretical potential, 2024, 2035 

 
IEA. CC BY 4.0. 

Much non-residential floorspace already features some form of automation, mostly in 
advanced economies; residential floorspace lacks automation but a lot can be achieved 

Notes: AE = advanced economies; EMDE = emerging market and developing economies. Non-residential 
includes commercial, industrial and public buildings.  

In the Widespread Adoption Case, AI solutions are used to optimise operations in buildings 
that use digitalised, electrically powered HVAC systems, based on current digitalisation and 
electrification trends. The theoretical potential remains far greater, demonstrating what 
could be achieved if the vast majority of electrically powered HVAC systems were network-
enabled. When assessing the theoretical potential, electrification is maintained at levels 
achieved in a pathway incorporating today’s policy settings. It is this electrification rate that 
limits the potential for AI-ready floorspace in advanced economies more than any other 
factor. It is also the reason why advanced economies see relatively little growth in AI-ready 
commercial floorspace compared to China and other emerging market and developing 
economies, where greater expansion is driven by increased cooling access.  

Although electrification trends are more positive in China and other emerging market and 
developing economies, the potential for digitalisation in these countries is held back by the 
prominence of conventional room air conditioners that lack automated controls and cannot 
be connected to the Internet. Lack of access to cooling services further reduces this potential 
in emerging market and developing economies outside China. In 2035, only 38% of 
floorspace in these regions benefits from cooling, compared with 46% in advanced 
economies and 56% in China.  

These countries are also characterised by lower rates of digitalisation in buildings today. For 
example, the majority of buildings in advanced economies and China are equipped with 
smart meters, whereas coverage in emerging market and developing economies typically 
ranges between 5% and 20%. Consumers in these countries are also less likely to purchase 

50%

100%

AE China Other
EMDE

Non-digitalised

2035 - theoretical

2035 - Widespread

2024

Residential

Digitalised buildings

Adoption Case

potential

buildings

AE China Other
EMDE

Non-residential

IE
A.

 C
C

 B
Y 

4.
0






