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Leveraging AI for Decarbonization 
in the Energy Sector: 

Opportunities, Challenges, and Considerations 

Decarbonizing the energy sector while meeting increasing energy demand is one of the central challenges in the global response 
to climate change. This article discusses the ways in which artificial intelligence (AI) can help to decarbonize the energy sector, and 
the risks and challenges that can arise from AI-led innovation. We provide evidence-based examples of AI applications in energy 
supply, generation, and consumption that support decarbonization pathways. Additionally, future potential trajectories for AI 
in the energy sector are explored and discussed. Challenges to the uptake and scalability of these AI solutions include existing 
societal inequalities, financial and infrastructure gaps, and the uncertainty around rebound effects of AI. While AI technologies 
show much promise, realizing their potential to help achieve decarbonization targets will require addressing current inequalities 
and unsustainable political, societal, and economic behaviors. 

Introduction 
The global energy sector is central to climate change response 
strategies around the world. The sector remains the largest 
contributor to carbon dioxide (CO2) emissions (two-thirds 
of global emissions)1 and the second largest anthropogenic 
source of global methane (CH4) emissions,2 making this sector 
the dominant driver of climate change. Although renewable 
energy supply has been growing rapidly and has begun to 
curb the energy sector’s climate footprint, energy supply 
derived from fossil fuels (coal, oil, and gas) continues to grow, 
albeit at a decreasing rate. In turn, the energy sector itself is 
being impacted by climate change (damage to infrastructure 
from extreme weather events) and demand for electricity is 
rising due to several factors, including population growth, 
economic development, and the electrification of the building 

and transportation sectors.1 The energy sector must meet this 
growing demand for energy, while also dramatically reducing 
its emissions within the coming decade. 

This article explores how AI can play a role in addressing 
these key challenges and potentially accelerate the energy 
sector’s transition towards a net carbon zero pathway. We 
identify opportunities for AI-supported interventions and 
provide details of existing applications and success stories. 
The article also explores risks and challenges, as they relate 
to the energy sector, which can arise from AI-led innovation 
and provides important reflections for policy makers and 
other stakeholders within the energy sector.  

INVEST IN AI FOR SUSTAINABILITY 
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AI and the Energy Sector 
The energy sector can be subdivided into three key areas (see 
Figure 1). Energy and mineral supply refers to the extraction of 
energy sources such as oil and natural gas, as well as other raw 
materials such as critical minerals needed for renewable energy 
production. Energy transformation or generation includes the 
processes needed to transform the energy source to its end 
use form, such as burning fossil fuels to generate electricity 
or refining crude oil for fuel, as well as the processes needed 
to transport this end product to users. Energy consumption 

includes the various ways in which it is used by consumers 
or industries, such as heating buildings, driving vehicles or 
manufacturing in factories.3 Each of these processes emit CO2 
and AI can and is already being used in multitude ways to help 
reduce emissions. The ability of AI to quickly learn from datasets 
and identify patterns can strengthen decision making processes 
and enhance efficiencies across complex systems that exist 
throughout the energy sector.4 

Figure 1: AI and the broader energy sector applications 
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AI and Energy Supply 
Current AI applications in the domain of energy supply both 
support and challenge decarbonization efforts. On the one 
hand, leveraging AI to select optimal locations for renewable 
energy generation or to enhance critical mineral exploration and 
extraction can accelerate overall energy system decarbonization 
efforts. On the other hand, AI applications to increase efficiency 
and decrease costs of fossil fuel extraction activities are in 
opposition to decarbonization efforts (see Figure 2 for a case 
study). The overall potential of AI to decarbonize energy supply is 
therefore not a given and rather requires explicit societal intent 
to meet climate mitigation targets and apply AI technologies 
deliberately to achieve this goal. 

Critical mineral exploration is one such 
area where AI is already making an 
impact. The demand for critical minerals 
and metals, such as lithium, copper, and 
rare earth elements, is expected to triple 
by 2030 to meet the growing need for 
clean and renewable energy.3 Discovered 
deposits are already depleting and 
exploration for new sites is now 
expanding. However, the traditional 
way of critical mineral exploration takes 
time, and the large areas and geological 
processes that need to be examined 
add complexity and uncertainty to 
the process. Additionally, success rates 
of new site identification have been 
declining. AI has the potential to remove 
these barriers and help identify new sites 
for mineral exploration with more success by combining deep 
learning algorithms with large datasets of scientific knowledge 
on critical mineralization processes. For example, DeepIQ’s 

AI platform outperformed the most advanced industry tools 
(97.6% true positive rate and 20% false positive rate versus a 90% 
true positive rate and 25% false positive rate) when identifying 
new locations for critical mineral extraction in high-uncertainty 
contexts.3 

However, at the same time, AI is also well integrated into the oil 
and gas industries. Major oil and gas producers are leveraging   
AI to enhance drilling operations, estimate reserves, and increase 
accuracy in exploration, hence driving down development 
costs. AI’s power is also being utilized to advance exploring 
unconventional resources, not commonly accessed in the past 
such as oil and gas reserves in permeable reservoirs like shale. 
These AI applications pose a risk to gains being made in clean and 

renewable energy (see section on challenges 
for more information).5 

Notwithstanding these concerns about 
AI being used to enhance oil and gas 
extraction and consumption, there are 
also ways that AI can be leveraged to 
decrease the existing climate footprint of 
oil and gas supply. A notable example is its 
use to reduce or prevent fugitive methane 
gas leaks in oil and gas operations. By 
continuously analyzing data from remote 
sensors and satellite imagery, AI can 
predict or rapidly identify gas leaks. These 
fugitive emissions represent up to 20% 
of all methane emissions in oil and gas 
operations, therefore an application with 

great potential.3 Applications and services 
such as these are also commercially offered, for example through 
organizations such as GHGSTAT. 

The overall potential of 
AI to decarbonize energy 
supply is therefore not a 

given and rather requires 
explicit societal intent to 
meet climate mitigation 

targets and apply AI 
technologies deliberately  

to achieve this goal. 

https://www.ghgsat.com/en/
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Figure highlights the percentage of patents in the clean energy and fossil fuel sectors that reference AI. The figure shows 
that AI innovation in the fossil fuel industry was higher overall (and particularly during the period of 2020-2022) when 
compared to clean energy sectors.  
Source: Adapted from IEA (2025).3 

Figure 2: Share of AI in patents by sector, 2013-2022 
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AI and Energy Transformation 
AI applications in energy transformation (or generation) are the 
most abundantly studied applications of AI within the energy 
sector.6 

AI applications in the renewable energy sector are a primary 
example. While renewable energy production and use have been 
on the rise, challenges persist. In particular, weather fluctuations 
and unpredictability adversely affect the reliability of renewable 
energy. AI can play a significant role in forecasting the intermittency 
of these resources, enabling more effective use of clean energy 
and better grid integration.3, 4 As buildings and neighborhoods 
also increasingly deploy local renewables and participate in 
community solar or microgrids, renewable generation forecasting 
at small scales is another critical application.    

Conventional methods for forecasting solar and wind output 
primarily depend on physics-based weather prediction models, 
which combine observed weather conditions with process-based 
representations of atmospheric circulation. In contrast, AI-based 
approaches can incorporate a wider array of data sources and 
uncover subtle patterns that traditional physics-driven models 
often overlook.7 Deep learning models combining computer vision 
and meteorological data can significantly improve solar irradiance 
predictions. For example, by analyzing real-time sky images 
and satellite data, an AI model can predict cloud movements 
and solar output minutes to hours ahead with much higher 
spatial resolution. This allows a neighborhood solar microgrid to 
anticipate when clouds will reduce output, so it can pre-charge 
batteries or adjust loads accordingly. An important frontier in 
renewable forecasting is moving toward probabilistic approaches 
rather than relying on deterministic ones. A forecasting approach 
that includes confidence intervals or probabilistic scenarios is 
much more useful for risk-aware energy management. Deep 
learning architectures provide a flexible framework to generate 
such probabilistic forecasts by learning the distribution of the 
system’s output conditioned on sensor data. The result is a more 
robust forecasting ability, where the system not only anticipates 
the most likely outcome but is also prepared for less likely ones.7 

Other emerging trends in renewable energy forecasting methods 
include physics-informed AI and transferable forecasting models. 
Physics-informed AI incorporates physical knowledge into 

machine learning models to improve extrapolation and reduce 
the data requirement for training. Transferable forecasting 
models refer to when a global model is trained on data from 
hundreds of photovoltaic (PV) systems around the world to serve 
as a foundation, and then fine-tuned to a specific new site (akin 
to transfer learning).8, 9 AI-driven renewable forecasting is making 
on-site clean energy more predictable and easier to integrate. By 
foreseeing the fluctuations of solar and wind, building managers 
and automated systems can take timely actions to maintain 
balance, whether that is scheduling flexible loads or charging/ 
discharging storage. The improved foresight helps minimize the 
wasting of available renewable energy and reduces dependence 
on fossil-based backup systems, thereby making a direct 
contribution to decarbonization. 

AI also has the potential to increase efficiency in highly complex 
and integrated energy systems to reduce emissions through 
optimal scheduling of processes. Identifying optimal strategies 
for coal power plants through AI has demonstrated operational 
efficiencies that can lead to reductions in CO2 emissions on 
modelled coal power plants.10 For example, in a coal power plant 
model, equipped with a post combustion carbon capture, using 
AI to optimize scheduling led to more carbon capture and a 51% 
reduction in renewable energy curtailment.5 Carbon capture and 
storage in fossil fuel power plants is another energy application 
where AI is being used to explore more viable options to reduce 
emissions associated with electricity generation.3 AI can also be 
leveraged for predictive maintenance in power plants, where 
failures in energy infrastructure are forecasted and maintenance 
is scheduled prior to a potential breakdown.4 

AI and Energy Consumption 
AI applications to address energy consumption, and electricity 
consumption in particular, have great potential. In 2024, the IEA 
reported that electricity consumption grew at twice the average 
rate seen over the last decade.11 Climate change impacts such 
as extreme weather events (heat waves, storms) are driving 
demand for electricity because of the increasing need for 
heating or cooling in buildings.1 Additionally, industry growth, 
electrification of the transport sector, and digitalization are 
among the drivers of the growth in electricity demand.3 Building 
electricity use accounted for 60% of the global electricity growth 
in 2024.11 
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AI has been shown to improve 
short-term load forecasting 
accuracy by over 30% when 

compared to generic models. 
Advanced AI methods,  

including gradient boosting 
 and deep neural networks, can 

reduce forecasting errors by 20-30% 
in commercial buildings. 

AI can increase efficiency in energy use across buildings 
by enhancing methods in data clustering and energy use 
predictions. Modern buildings produce high-resolution streams 
of data through smart meters, Internet of Things (IoT) sensors, 
and other digital infrastructures, offering a detailed view into 
how and when energy is consumed. This data provides the 
opportunity for deep insight, particularly through AI-driven load 
pattern clustering, which aims to uncover structure in energy 
usage without relying on predefined categories. By applying 
unsupervised learning techniques to large-scale datasets, 
researchers can group days, buildings, or users based on similar 
consumption behaviors, revealing 
common load shapes, seasonal 
trends, and anomalies that would 
otherwise remain hidden. 

For example, researchers have been 
able to uncover clear groupings 
among residential energy users 
based on their consumption 
behavior by applying unsupervised 
data-mining techniques to city- 
scale smart meter datasets. By 
learning the specific drivers behind 
each cluster ‒ whether related to 
human behavior, environmental 
conditions, or system operations ‒ 
AI models can predict future 
demand with greater precision.12 In 
parallel, researchers are enriching clustering 
methods by integrating contextual information, such as building 
size, construction year, heating systems, or occupancy patterns, 
alongside consumption data. This multi-dimensional approach 
helps clarify the physical or behavioral factors behind energy use, 
allowing AI to link patterns with specific building characteristics. 
These advances contribute to a more detailed and actionable 
understanding of how buildings consume energy, laying the 
groundwork for targeted decarbonization strategies. 

Building on these clustering foundations, AI is now playing an 
increasingly central role in predicting future energy demand. 
Short-term load prediction, ranging from minutes to days ahead, 
is crucial for operational efficiency and flexibility. Machine learning 
models have shown strong results in this area, outperforming 
classical statistical techniques by effectively modeling nonlinear 
influences such as weather and occupant behavior. AI has been 
shown to improve short-term load forecasting accuracy by over 
30% when compared to generic models.13 Advanced AI methods, 
including gradient boosting and deep neural networks, can reduce 
forecasting errors by 20-30% in commercial buildings.14 At the 

neighborhood level, AI enables hierarchical 
forecasting, capturing demand at both 

individual and aggregate scales, 
with techniques like graph neural 
networks modeling relationships 
among buildings. This is especially 
beneficial in mixed-use areas, 
where residential and commercial 
loads follow different trends. 
Transfer learning further enhances 
these models’ utility by allowing 
knowledge from one dataset to be 
adapted to new buildings, even with 
limited historical data.15 

A cornerstone of decarbonizing 
energy systems is harnessing 
demand-side flexibility, meaning 

the ability to shift when and how 
energy is consumed. An effective application of demand-side 
energy management is load shifting, which involves moving 
energy use from peak periods (when electricity is expensive or 
carbon-intensive) to off-peak times.16 Demand response programs 
aim to reduce electricity use during critical periods by offering 
incentives or directly controlling devices, such as remotely 
lowering thermostat temperatures or temporarily pausing 
electric water heaters.15 With advances in AI, more dynamic and 
optimized approaches can be applied to this task to enhance both 
participation and efficacy of the demand response programs. 
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Researchers have used reinforcement learning (RL), which refer to 
self-learning algorithms that optimize control strategies through 
continuous interaction and learning from the environment, 
for building load control. In an RL framework, an agent (e.g. 
representing a building energy management system) learns how 
to take optimal actions, such as adjusting thermostat setpoints, 
dimming lighting, or charging electric vehicles, to minimize a 
specified cost function (e.g., energy cost, peak electricity demand, 
or carbon emissions) subject to constraints (e.g., maintaining 
comfort).17 Recent research has demonstrated RL controllers 
significantly outperform fixed rule-based strategies for demand 
response. For example, developed an RL-based control framework 
for small commercial buildings that simultaneously optimizes 
energy cost, peak load shaving, and occupant comfort.18 By applying 
deep reinforcement learning to real-world building data, the 
system was able to independently learn how to reduce morning 
demand spikes and adjust operations in response to time-of-
use pricing. Their model outperformed conventional heuristic 
control by approximately 15-25% in reducing peak demand 
and total energy cost, while keeping the indoor temperature 
within acceptable comfort ranges. This showcases AI’s ability 
to learn complex control strategies while adapting to changing 
conditions. These strategies include pre-cooling a space before a 
peak price interval and intelligently balancing lighting dimming 
with HVAC adjustments to minimize discomfort. Companies 
such as Uplight are already deploying AI-
driven demand response management 
systems that aggregate thousands of 
homes and businesses for grid services.19 

Field deployments have further shown 
how these AI-managed networks can 
respond to grid events efficiently, delivering 
flexibility and stability at a speed and scale 
that manual methods cannot match.20 

While the applications discussed above 
around AI for decarbonization show much 
potential, without widespread scaling and 
adoption, the anticipated benefits at the 
regional or global level will not be realized. 
Section 3 discusses the challenges and 
implications around this integration and 
potential scaling of AI in the energy sector. 

Challenges and Enabling Conditions 
for AI Assisted Decarbonization  
in the Energy Sector 
While promising real-world implementations of AI solutions exist 
in pilot projects and select applications, broader deployment 
across the energy sector remains limited ‒ underscoring the 
need for expanded field demonstrations to validate performance, 
build confidence in the technology, and create standardized 
frameworks for implementation at scale. 

The scarcity of high-quality, granular data required for 
training robust AI models across diverse operational contexts 
complicates large scale adoption and reliability. Another 
critical barrier remains: the difficulties in generalizing current 
approaches across varying climate zones, building types, load 
profiles, and shifting grid objectives, with models often trained 
or tested only in their specific environments. Building trust in 
digital technologies such as AI is another challenge. AI solutions 
should be explainable and transparent so that energy producers 
and consumers can build trust in and adopt such solutions. 

A deep and persistent digital divide exists between regions 
of the world with inequality of access, literacy, skills, and data 

for digital technologies.21 Unfortunately, the 
digital divide negatively impacts those who 

are the most vulnerable and marginalized 
both in the Global North and Global 
South, with new forms of the digital 
divide taking shape (e.g., data inequity, 
algorithmic awareness, and quality of 
digital access) due to rapid technological 
evolution.22, 23 Next, there are challenges in 
the responsible acquisition, accessibility, 
design, and use of appropriate AI training 
data and algorithms.24 Furthermore, a trust 
deficit towards AI and other technology 
that has both predictive and analytical 
capabilities has already taken root in 
society and government, with some calls 
for outright bans on technologies such 
as GenAI and predictive analytics in the 

public sector, especially in the energy sector. More specifically, 
in Canadian remote communities as well as First Nations and 
Indigenous populations, additional dangers of AI within their 
energy systems emerge from data sovereignty issues, privacy 
concerns, and lack of appropriate AI skills training that are 
rooted in the contextual nuances and cultural understanding.25 

As a result, a casual approach to the introduction of AI within 
energy systems in marginalized communities can lead to 
significant societal and economic issues, further exacerbating 
already strained relationships between those communities and 
the federal, provincial, and local government. 

While AI can help introduce and accelerate important innovations 
towards decarbonization, if used without caution, it can also 
challenge our efforts towards decarbonization and create further 
barriers. In addition to AI’s own growing energy consumption, the 
use of AI to optimize operations in heavily polluting industries, 
such as fossil fuels, can delay the much needed fossil fuel phaseout 
necessary to meet our climate goals in time.26 Another potential 
rebound is in the building sector, where an overemphasis on 
demand-side efficiency improvements could lock in oil- and 
gas-powered building energy systems and delay the transition 
towards renewable systems that are ultimately needed to support 
decarbonization efforts. Given the rapid expansion of AI and other 
digital technologies, these, and other rebound effects have not yet 
been fully measured and mapped.27 

While AI can help 
introduce and accelerate 
important innovations 

towards decarbonization, 
if used without caution, 

it can also challenge 
our efforts towards 

decarbonization and  
create further barriers. 
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Complex problems with deploying AI in the energy sector therefore 
require innovative solutions and out-of-the-box thinking. 
Fortunately, we find some examples of innovative platforms and 
solutions that are responsible, open, and democratized AI for 
the energy and other sectors. In South Africa, companies have 
deployed the AI-powered Virtual Power Plant (VPP) models. VPPs 
create an integrated and interconnected system that can share 
resources (solar panels, wind turbines, storage systems, etc.) over 
large geographic areas with AI algorithms helping optimize and 
predict real-time demand and supply dynamics.28 Similarly, in 
India AI-driven micro-grids in villages are transforming the energy 
delivery and consumption relationship between the government 
and consumers as well as establishing a self-sustaining ecosystem 
where communities share resources and commit to conscious 
usage of electricity.29 Community-driven innovation to achieving 
the United Nations Sustainable Development Goals has gained 
significant momentum since the global pandemic and many 
communities across the world, especially those that are remote, 
rural, marginalized, or underserved, seek to develop bottom-up, 
grassroots-driven mechanisms to co-create value within their own 
ecosystems.30, 31 

The indiscriminate use of AI, however, can be dangerous and 
harm the very communities that AI was intended to help. 
For example, Canada’s First Nations Technology Council has 
expressed strong concerns regarding the adoption of AI systems 
built on Western frameworks that do not necessarily reflect or 
serve Indigenous community needs and are built to exclude 
Indigenous knowledge, values, and governance models.32 

Therefore, a responsible approach to leveraging AI for vulnerable 
communities is essential. This responsible approach begins with 
inclusion of the communities in the decision-making regarding 
AI and engaging them in advocacy, education, and awareness 
about the benefits and potential dangers of AI.33, 34 Ensuring 
training data protection and addressing security and privacy 
concerns is another important consideration. Finally, algorithms 
must be developed with a “do no harm” approach where bias 
and prejudice are mitigated and equitable participation is 
offered to communities where they feel empowered rather than 
exploited.34, 35 

Despite advancements in AI, human intervention and expertise 
will still be necessary to support unforeseen circumstances 
and address ethical and other social concerns in relation to 
digitalization.3 Aligning AI and digital technologies with the 
principles of sustainable development, mitigating the negative 
impacts of AI, and leveraging AI to accelerate sustainable 
projects will help us be more deliberate with our AI adoption36 

(see Figure 3). 
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Figure 3: Three shifts towards digital sustainability 

1. Align the vision, values, and objectives of the digital  
age with sustainability 2. Mitigate the negative social 
and environmental impacts of digitalization 3. Accelerate 
Innovation by directing digital innovation efforts 
sustainability solutions. 
Source: Adapted from CODES (2022).36 

Conclusion 
AI is enabling a multitude of integrated solutions to accelerate 
decarbonization in the energy sector, but challenges persist. In 
addition to the social, financial, infrastructural, and technological 
challenges discussed above, attention should be also given to 
the existing rules, power structures, and mindsets that drive 
our society and maintain us on a carbon intensive pathway.11, 37 

If we do not change these rules, power structures, and mindsets, 
we will not be able to achieve the systematic transformations 
we seek, despite any progress we make in AI and other 
technologies.37 Explicit and purposeful decisions, where solutions 
are implemented with a clear theory of change, are necessary 
by all key actors including member states, private sector, and 
civil society, to transition towards a zero-carbon pathway that is 
beneficial to all people and our planet. 
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