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1. Introduction 

Engineers, policymakers, and governments are currently facing 
the pressing global challenges of climate change and the energy 
crisis. To address the continuously increasing demand for energy 
and mitigate environmental damage, energy conservation and 
emissions reduction have become strategic priorities for sustain-
able development [1]. Nations worldwide have reached a consen-
sus on reducing carbon emissions and have introduced various 
policies and actions, such as the carbon peak and carbon neutrality 
targets proposed by China [2,3]. Globally, fossil fuels (i.e., coal and 
oil) make up over 80% of primary energy consumption, placing sig-
nificant pressure on carbon-reduction efforts [4]. Consequently, 
developing future power systems centered on low-carbon, clean, 
and renewable energy is crucial for achieving carbon-reduction 
goals. 

However, integrating renewable energy sources such as photo-
voltaics and wind energy into power systems presents significant 
challenges due to the intermittent and variable nature of renew-
able sources. Concurrently, electricity demand continues to rise, 
and numerous flexible distributed devices, including electric vehi-
cles (EVs), energy storage systems (ESSs), and distributed energy 
sources, are being incorporated into the grid [5], making future 
power systems more complex, nonlinear, and unpredictable [6]. 
To ensure the efficient, stable, and safe operation of the power sys-
tem, intelligent forecasting, planning, operation, and control meth-
ods are urgently needed. 

In recent years, artificial intelligence (AI) technologies, including 
deep learning and reinforcement learning, have advanced rapidly 
and found successful applications across various industries [7– 
11]. The 2024 Nobel Prizes in Physics and Chemistry are both 
related to AI-driven research [12]. This signifies the onset of an 
intelligent era characterized by accelerated knowledge discovery 
and expanded human capabilities. With ongoing improvements in 
computing power and the emergence of technologies such as gen-
erative AI, significant breakthroughs have been achieved in artificial 
general intelligence (AGI) [13]. AGI refers to a type of AI character-
ized by autonomous self-awareness, self-learning, self-control, and 
the ability to acquire new skills, making it universal and adaptable. 
An AGI can address complex problems in novel environments and 
situations beyond its initial programming. This capability offers 
promising new approaches for developing advanced intelligent 
power systems and addressing the challenges they present. For 
example, the first multimodal industry model—namely, the Guang-
ming Power Large Model, released in December 2024 by the State 
Grid Corporation of China—serves as an AI ‘‘expert” in the field of 
energy and power by acting as a ‘‘super brain,” enhancing power 
grid safety and stability, promoting renewable energy consump-
tion, and delivering reliable power-supply services [14]. 

In this paper, opportunities to apply AI to the future power sys-
tem and the potential of such applications are explored, and per-
spectives and challenges associated with integrating AI into the 
future power system are discussed. 

2. Opportunities to apply AI to future power systems 

With the integration of renewable energy sources such as pho-
tovoltaics and wind energy, future power systems will feature 
greater diversity and variability in energy sources. Balancing 
energy supply and demand then becomes crucial in order to man-
age the random fluctuations of load demand and power supply. As 
depicted in Fig. 1, the management of future power system will 
encompass a variety of tasks, including power generation and load 
forecasting, system planning and scheduling, operation and con-
trol, fault diagnosis, relay protection, attack detection, and resili-
ence. Traditionally, these tasks have relied heavily on expert 
experience and system models, requiring significant human 
resources and time. However, advancements in AI have introduced 
data-driven methods into power systems, alleviating the reliance 
on experience and models to a certain extent [15]. The emergence 
of generative AI technologies such as Chat Generative Pre-trained 
Transformer (ChatGPT) has facilitated a shift from single-domain, 
data-dependent AI to cross-domain, autonomous, and creative 
AGI. The progress of AI is closely tied to advancements in emerging 
technologies, including deep learning, reinforcement learning, 
human-in-the-loop machine learning, and federated learning. 
Below are examples of potential applications of these technologies 
in future power systems. 

2.1. Power grid generation and load forecasting 

Traditional data-driven methods forecast renewable power 
generation or load based on historical and real-time data, as well
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Fig. 1. An overview of AI-driven future power systems. CV: computer vision; NLP: natural language processing; AIGC: AI-generated content. 
as relevant features such as weather conditions and holidays [16]. 
However, these methods have two main issues. First, they are 
highly dependent on a large amount of data. Forecasting perfor-
mance is significantly impacted when data on new consumers or 
extreme weather conditions is limited. Second, feature selection 
is crucial. Identifying the appropriate features that influence power 
generation or load and assessing their impact are essential for 
accurate forecasting [17]. 

The emergence of generative AI technologies, such as large lan-
guage models (LLMs), offers solutions to these challenges. To begin 
with, the strong generalization and transfer learning capabilities of 
large models address data-dependence issues. By leveraging exten-
sive general knowledge, these models can be fine-tuned with lim-
ited domain-specific data to create specialized forecasting datasets. 
The few-shot learning ability of large models also enables effective 
forecasting even with sparse data, making them well-suited for 
rare scenarios such as extreme weather events. Furthermore, LLMs 
exhibit common-sense understanding and logical reasoning capa-
bilities, which aid in the selection of relevant features for forecast-
ing [18]. 

2.2. Transmission system planning and distribution system operation 

Designing planning and operation strategies and evaluating 
their optimality and effectiveness are crucial for ensuring the reli-
able operation of power systems. A significant challenge arises 
from the diverse and dynamically changing scenarios in a power 
system as its share of renewables increases. Future planning and 
operation must consider factors such as renewable energy integra-
tion, fault occurrences, extreme weather events, and short-term 
peak loads. Leveraging AGI’s capabilities in multimodal informa-
tion perception, processing, and generation is anticipated to allow 
the automatic creation of diverse planning scenarios. For power 
system operation, recent advances in multitask reinforcement 
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learning enable the development of versatile agents that can 
simultaneously learn and perform multiple related tasks, leverag-
ing domain-specific information across comparable problems 
[19]. Moreover, LLMs can assimilate dispatcher experience to 
develop broad and comprehensive knowledge of power grid oper-
ation and dispatching, which can then be applied to systems with 
different topologies and conditions. Additionally, the advanced 
language capabilities of LLMs can facilitate dispatch decision eval-
uation and allow LLMs to interact with dispatchers, enhancing dis-
patchers’ understanding of decision-making processes [13]. 

2.3. Electricity market modeling and optimization 

Electricity market modeling and optimization depend on phys-
ical power system modeling, market transaction mechanisms 
design, and the modeling of market participant behavior. While 
the currently used physical power system models are well-estab-
lished, and research on electricity market transaction mechanisms 
continues, accurately capturing the subjective behavior of market 
participants remains a challenge [20]. The transformer networks 
with temporal feature-extraction capabilities can be used to effec-
tively respond to price fluctuations in multiple markets simultane-
ously and to help deep reinforcement learning agents learn optimal 
bidding strategies in joint-market participation [21]. LLMs can 
leverage knowledge and common sense to develop data-driven 
models that simulate and understand market behavior without 
relying on historical data. Furthermore, their analytical and reason-
ing capabilities enable the development of more accurate transac-
tion models that account for external factors influencing behaviors, 
thereby ensuring rational evaluations of market mechanisms. 
Moreover, AGI, with its advanced common-sense understanding 
and logical reasoning, can autonomously generate and adjust mar-
ket decisions in real time, effectively responding to the rapidly 
changing electricity market [22].
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3. Prospects and challenges of applying AI in future power 
systems 

Building on the potential applications of AI in the future power 
system tasks discussed above, this section will explore the pro-
spects and challenges of AI in the power system sector. 

3.1. Prospects 

3.1.1. Improve the accuracy of renewable energy generation and load 
forecasting with AI 

The significant pressure to reduce carbon emissions has led to 
an increase in the penetration of renewable energy resources in 
power systems. Accurate prediction of renewable energy genera-
tion (e.g., wind and solar) and prediction of electricity demand 
are crucial for the optimal planning, secure and economic opera-
tion, and stable control of power systems. However, wind and solar 
energy exhibit complex spatiotemporal characteristics, with intri-
cate spatial interactions and varying temporal dynamics. More-
over, frequent extreme weather events and increasingly flexible 
load demand contribute to rare data distributions, complicating 
forecasting efforts and necessitating improved prediction accuracy. 
Developing large foundation models that utilize human knowledge 
and multimodal data—including meteorological maps, solar radia-
tion data, and extensive historical power generation and load 
data—is a promising application of AI for renewable energy gener-
ation and load forecasting. Such models, based on transformer 
architecture, will be well suited to capturing long-term dependen-
cies and enabling long time-series predictions. In addition, large 
foundation models will increase prediction accuracy by integrating 
knowledge and multimodal features and can be applied across var-
ious entities, scenarios, and tasks across the power system. Embod-
ied intelligence technology offers other potential benefits for 
forecasting. Unlike traditional perception technologies, embodied 
perception agents (e.g., various sensors and equipment) operate 
in the physical world, interact with the environment, and possess 
a deeper understanding of three-dimensional (3D) space and 
dynamic settings; thus, they can provide more comprehensive 
information for forecasting. 

3.1.2. Improve the generalizability of power system planning, 
operation, and control with AI 

As the proportion of renewable energy in the grid versus tradi-
tional energy generation has increased, a significant amount of 
power electronic equipment has been integrated into the power 
system, reducing its overall inertia. Additionally, the increasing 
penetration of EVs and ESSs has increased the uncertainty in power 
demand. This complexity expands the planning, operation, and con-
trol scenarios of the power system, including peak load and fault 
scenarios, while diminishing the effectiveness of traditional 
optimization and control methods that rely on historical data and 
expert knowledge for specific situations. The emergence of 
AI-generated content (AIGC) technology allows system operators 
to automatically produce multimodal planning and operational 
data—such as text, images, and videos—tailored to specific needs. 
This multimodal data is suitable for a broader range of differenti-
ated scenarios. Furthermore, the rapid advancement of reinforce-
ment learning algorithms allows agents to enhance the 
performance of planning and scheduling strategies by interacting 
with various scenarios and learning autonomously through 
environmental feedback. 

3.1.3. Improve fault diagnosis capabilities and power system resilience 
with AI 

The multiple entities, complex grid structures, and diverse oper-
ational modes in future power systems present significant 
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challenges to its safe operation. Robots are currently employed 
for onsite inspection and maintenance, prompting the exploration 
of embodied intelligent agents for grid fault inspection and resili-
ence recovery. Advances in embodied intelligence technology 
enable these agents to self-iterate and evolve. By leveraging their 
abilities in state cognition, complex task decomposition, and collab-
orative control, embodied intelligent agents can autonomously 
explore and interact with the power system environment. This 
facilitates autonomous learning and a deeper understanding of 
the power system through closed-loop feedback, ultimately 
enhancing resilience and fault-recovery capabilities. Moreover, 
AIGC technology can rapidly generate preliminary diagnostic solu-
tions for various types of faults and provide comprehensive multi-
dimensional security assessments for power grid recovery. This 
assists administrators in quickly diagnosing faults and confirming 
recovery plans. 

3.2. Challenges 

3.2.1. Data quality and access for multimodal learning in power 
systems 

The realization of AI relies heavily on the perception and pro-
cessing of substantial amounts of terminal data or information. 
On the one hand, the quality of the vast multimodal data—such 
as text, images, video, voice, and topology from power system ter-
minals—may be compromised due to equipment failure; on the 
other hand, data security concerns prevent the full acquisition of 
certain types of critical information from large-scale power sys-
tems, such as site-selection planning and key equipment opera-
tional data. 

3.2.2. Explainability and reliability of AI 
The level of trust that power system participants and decision-

makers place in AIGC will greatly affect its application in future 
power systems. However, due to the complex network structures 
and numerous parameters involved in AI, its decision-making pro-
cesses are often opaque, making it challenging to fully trust the 
results. 

3.2.3. Security and privacy of AI 
The development of AI will involve information transmission 

and sharing on the Internet, potentially leading to information 
and data security issues. Given the power system’s critical role in 
the national economy and public welfare, its development must 
uphold goals such as safety, reliability, and environmental protec-
tion. A comprehensive cybersecurity policy needs to be adopted to 
ensure the security and privacy of information and data. 

3.2.4. Hardware dependence of AI 
Advances in hardware will be crucial to achieving AGI. The con-

tinued evolution of hardware technologies will drive significant 
improvements in algorithms and learning rates, enabling AI sys-
tems to master new tasks more rapidly with less pre-training time. 
That said, embodied intelligence requires not only advanced soft-
ware and algorithms but also complex hardware control and 
coordination. 

Overall, the rapid development of AI is an inevitable trend. It is 
crucial for researchers to focus on how future power systems can 
adapt to this trend and leverage advanced intelligent technologies 
to address the challenges posed by the energy crisis and climate 
change. 
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