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   Abstract—The  global  energy  sector  is  transforming  under  decar-
bonization,  decentralization,  and  digitalization,  introducing  complex-
ity and volatility into system operations, and challenging the limits of
traditional  analytical  methods.  Artificial  intelligence  (AI)  encompass-
ing machine learning,  deep learning,  and reinforcement learning has
emerged  as  a  critical  enabler  for  building  the  next  generation  of
energy infrastructure. This review provides a systematic assessment of
AI’s role across key domains including forecasting, optimization, con-
trol,  and  maintenance.  It  also  examines  the  emerging  potential  of
large  language  models  from  several  application  perspectives.  Our
analysis identifies a clear trend from data-driven models toward more
sophisticated  hybrid  and  physics-informed  architectures.  We  docu-
ment  this  progression  through  specific  advances  in  forecasting  elec-
tricity load, renewable generation, and electricity price, in optimizing
grid  scheduling,  energy  storage,  and  demand-side  resources,  and  in
enhancing  system  resilience  through  intelligent  control  and  mainte-
nance.  Beyond current applications,  we discuss future research chal-
lenges: developing trustworthy AI for high-stakes environments,  cre-
ating scientific  AI that integrates physical  principles,  managing com-
plex  sector-coupled  systems,  and  progressing  toward  generalized
energy  foundation  models.  Overall,  this  review  offers  a  structured
understanding of the synergy between AI and energy systems, outlin-
ing current capabilities and the governance required for trustworthy
and equitable deployment.

    Index Terms—Artificial  intelligence, energy  systems, machine
learning, deep learning, reinforcement learning, large language mod-
els.
  

ABBREVIATION

AI artificial intelligence

ML machine learning

SVM support vector machines

RF random forests

ANN artificial neural networks

DL deep learning

CNN convolutional neural networks

LSTM long short-term memory

NLP natural language processing

RL reinforcement learning

DQN deep Q-networks

DDPG deep deterministic policy gradient

MARL multi-agent reinforcement learning

GNNs graph neural networks

PINNs physics-informed neural networks

FL federated learning

LLMs large language models

GAIA grid artificial intelligent assistant

ARIMA autoregressive integrated moving average

BiLSTM bidirectional LSTM

RMSE root mean square error

MAPE mean absolute percentage error

PSO particle swarm optimization

MHSA multi-head self-attention

CAM channel attention modules

LSCAM long-short term cross attention mechanism

PV photovoltaic

WPCA feature-weighted principal component analysis

GRU gated recurrent unit

3D three-dimensional

EWPF-Transformer enhanced wind power forecasting transformer

GAT graph attention network

GFST-WSF graph-attentive  frequency-enhanced  spatial-tempo-
ral wind speed forecasting

KDE kernel density estimation

OPF optimal power flow

SARIMA seasonality ARIMA

ARIMAX exogenous ARIMA

PGDM pattern-guided diffusion model

DNNs distributional neural networks

LASSO least absolute shrinkage and selection operator

VMD variational mode decomposition

EWT empirical wavelet transform
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MRC multi resolution convolution

pTFT penalized temporal fusion transformer

PMU phasor measurement unit

CCMA centrally coordinated multi-agent

GA genetic algorithm

PSO particle swarm optimization

PSS power system stabilizers

GC-PPO graph convolutional proximal policy optimization

BESS battery energy storage systems

MILP mixed-integer linear programming

MDP Markov decision process

SoC state-of-charge

SSD second-order stochastic dominance

CvaR conditional value-at-risk

BRPs balanced responsible parties

TSO transmission system operator

FCAS frequency control ancillary services

FFR fast frequency response

MIQCP mixed-integer quadratically constrained program

xAI explainable AI

IO inverse optimization

MADRL multi-agent deep reinforcement learning

RTP real-time pricing

DRL deep RL

SCDL sub-customer directrix load

OLTC on-load tap changer

AVC active voltage control

Dec-POMDP decentralized  partially  observable  Markov  decision
process

CMDP constrained Markov decision process

NREL National Renewable Energy Laboratory

DOE Department of Energy

EFC emergency frequency control

RES renewable energy source

LFC load-frequency control

PI proportional–integral

DGA dissolved gas analysis

DeDn-CNN denoising convolutional neural network

WAMS wide-area monitoring systems

RAG retrieval-augmented generation

SCADA supervisory control and data acquisition

PNNL Pacific Northwest National Laboratory
  

I.  Introduction
  

A.  Energy Transition Challenges and Opportunities

W ith  the  carbon  footprint  of  energy  systems  remaining
daunting,  global  energy-related  CO2 emissions  hit  a

record 37.2 Gt in 2023, about 50% higher than that at the turn
of  the century [1].  This  situation underscores  the urgency for
transforming  traditional  power  grids  with  fossil  fuels  into
modern energy systems with sustainable sources [2], [3]. The
modern  energy  system  is  an  advanced  digital  network  inte-
grated  with  unprecedented  levels  of  renewable  energy  like
solar  and  wind,  offering  greater  flexibility,  quicker  demand
response, and environmentally friendly [4], [5]. However, the
fluctuation,  intermittent,  and  stochastic  nature  of  renewable
energy also introduces variability and complexity in grid oper-
ation [6], [7].  This  variability  challenges  the  effectiveness  of
conventional scheduling and control methods, which are often
ill-suited  for  real-time  balancing  under  conditions  of  rapid
change.  Therefore,  new  strategies  are  required  to  maintain
supply  and  demand  equilibrium,  ensure  grid  reliability,  and
stabilize increasingly complex power systems [8], [9].

In this context, AI has emerged as a key enabler. By enhanc-
ing forecasting, optimizing operational decisions, and support-
ing intelligent  control,  AI methods offer  pathways to manage
variability, improve efficiency, and unlock new forms of flexi-
bility across the energy value chain. These capabilities are par-
ticularly  critical  in  supporting  the  secure  and  cost-effective
integration of high levels of renewable energy [10], [11].  

B.  Overview of AI Technologies
AI  has  evolved  along  a  clear  methodological  trajectory  in

energy systems,  reflecting increasing capacity  to  model  com-
plexity, uncertainty, and interdependence.

The first  wave consisted of  traditional  ML techniques  such
as  SVM,  RF,  and  shallow  ANN.  These  methods  established
the  feasibility  of  data-driven  forecasting  and  anomaly  detec-
tion, outperforming classical statistical baselines but requiring
extensive  feature  engineering  and  often  lacking  robustness
under rapidly changing conditions [12].

The second wave was marked by the dominance of DL [13],
[14]. CNN, particularly LSTM architectures, enabled the cap-
ture  of  long-range  temporal  dependencies  and  nonlinear
dynamics in load, renewable generation, and price forecasting
[15], [16].  To  further  enhance  temporal  modeling,  attention
mechanisms  were  introduced  as  add-on  modules  to  recurrent
or  convolutional  structures,  allowing  models  to  dynamically
weight  the  relative  importance  of  different  time  steps  and
exogenous  features.  Attention-enhanced  CNN-LSTM  hybrids
have demonstrated improved robustness and accuracy in mul-
tivariate  forecasting  tasks  where  weather,  calendar,  and  mar-
ket  drivers  interact [17], [18], [19], [20].  Building  on  this
trend, transformer-based architectures, originally designed for
NLP,  have  demonstrated  superior  accuracy  in  energy  time-
series forecasting by leveraging self-attention to capture global
patterns  without  recurrence,  enabling  scalable  modeling  of
long sequences [21].

The third wave centered on RL, which addresses sequential
decision-making problems.  RL agents  have been successfully
deployed  in  simulations  of  microgrids,  storage  dispatch,  and
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demand  response,  learning  near-optimal  control  policies  via
trial-and-error  interaction  with  dynamic  environments.  A  key
milestone  was  the  introduction  of  DQN,  which  combine  Q-
learning with deep neural networks to approximate value func-
tions,  enabling  scalable  control  in  high-dimensional  energy
scheduling tasks. Building on this, DDPG extended RL to con-
tinuous action spaces, making it suitable for fine-grained con-
trol  such  as  inverter  reactive  power  regulation  and  battery
charge/discharge optimization. More recently, MARL has fur-
ther  extended  these  capabilities  to  distributed  coordination,
enabling  decentralized  optimization  of  heterogeneous  energy
resources [22], [23], [24], [25], [26].

Building  on  this,  physics-informed  and  hybrid  AI
approaches  have  emerged  as  the  fourth  wave.  These  models
embed physical  laws  and operational  constraints  directly  into
learning  architectures,  reducing  reliance  on  large  historical
datasets and ensuring reliability under rare or extreme events.
GNNs and PINNs exemplify this  trend,  capturing topological
dependencies and physical consistency in power system mod-
eling [27], [28], [29], [30].

The  fifth  wave  reflects  the  decentralization  of  grids,  where
FL and edge AI enable privacy-preserving, low-latency learn-
ing  at  substations,  microgrids,  and  distribution  endpoints.
These  methods  support  local  autonomy  while  maintaining
coordination through federated optimization and edge offload-
ing [31], [32], [33], [34].

Most recently, LLMs and AI agents have emerged. Beyond
text  processing,  LLMs  such  as  GAIA  and  eGridGPT  show
promise  in  dispatch  assistance,  tool  integration,  knowledge
retrieval,  and  operator  decision  support.  Benchmarks  like
ElecBench  are  beginning  to  formalize  evaluation  for  these
domain-specific LLMs [35], [36], [37], [38], [39].

Looking ahead,  future research will  move beyond accuracy
to embrace trustworthy AI, where explainability, verifiability,
and  security  are  treated  as  prerequisites  for  deployment.
Equally  critical  is  the  rise  of  scientific  AI,  which  integrates
physics-informed learning, causal reasoning, and standardized
validation  frameworks  to  ensure  that  models  respect  physical
laws and generalize  reliably.  At  the  system level,  sector-cou-
pled  and  multi-agent  optimization  will  be  needed  to  address
the curse of dimensionality in coordinating electricity, heating,
transport,  and  mobility  across  multiple  timescales.  These
advances  must  be  underpinned  by  holistic  benchmarks  that
evaluate  robustness,  fairness,  resilience,  and  computational
feasibility,  shifting  evaluation  beyond  narrow  accuracy  met-
rics.  Finally,  the  prospect  of  energy  foundation  models  and
domain-specialized LLM agents points to a longer-term vision
of  scalable,  adaptive  platforms  capable  of  unifying  forecast-
ing,  optimization,  and  control.  As  summarized  in Fig.  1,  the
evolution  from  traditional  ML  to  LLM-based  agents  illus-
trates  a  consistent  progression  towards  greater  adaptability,
scalability,  and integration,  underlining AI’s potential  to han-
dle  the  high-dimensional  data,  uncertainty,  and  non-linear
dynamics inherent in modern energy systems more effectively
than traditional heuristics or human operators [40].  

C.  Objectives and Contributions
The methodological evolution from traditional ML to LLMs

is  propelled  by  fundamental  shifts  in  the  energy  sector's  data
landscape and operational needs. Although classical ML mod-
els  excel  at  structured  numerical  tasks  like  time-series  fore-
casting, they are ill-equipped to handle the growing volume of
unstructured  data,  such  as  technical  manuals,  maintenance
logs,  and  policy  documents.  The  primary  driver  for  adopting
LLMs is their unique ability to perform semantic reasoning on
this  textual  data,  creating  a  holistic  understanding  of  system
interdependencies  that  traditional  models  cannot [41], [42].
Furthermore,  LLMs  enable  a  paradigm  shift  towards  interac-
tive,  human-in-the-loop  systems,  where  grid  operators  can
query  models  in  natural  language,  ask  for  explanations,  and
receive  co-pilot-like  assistance,  moving  beyond  the  "black
box" nature of earlier AI.

However,  the transition from research to reality is  impeded
by critical non-technical barriers, especially within legacy grid
infrastructure.  Chief  among  these  are  stringent  data  gover-
nance and cybersecurity protocols that restrict the flow of sen-
sitive  operational  data  to  external,  particularly  cloud-based
models [40]. Secondly, the deployment of AI in critical infras-
tructure  faces  significant  regulatory  and  compliance  hurdles,
as  authorities  require  absolute  proof  of  reliability  and  deter-
ministic performance, which can be challenging for probabilis-
tic  LLMs [43].  Finally,  workforce  adoption  is  hindered  by  a
skill gap and a lack of trust in non-traditional systems, along-
side the high cost  and complexity of integrating advanced AI
with legacy operational technology, representative obstacles to
widespread implementation [44].

Faced with both rapid methodological  progress  and signifi-
cant  implementation  barriers,  this  review  aims  to  bridge  the
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Fig. 1.     Evolution of AI methods in energy systems.
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gap by synthesizing recent advances in AI for energy systems.
Fig. 2 illustrates a clear thematic classification, covering three
primary  domains  of  application:  (i)  forecasting  for  electricity
load, renewable generation, and electricity price, (ii) optimiza-
tion for grid scheduling, energy storage, and demand response,
(iii)  control  and  maintenance.  Next,  this  review also  summa-
rizes six perspectives of LLM applications in energy systems.
Within  each  theme,  key  subtopics  and  exemplary  techniques
are  highlighted  to  illustrate  the  state-of-the-art.  Finally,  this
review  moves  beyond  applications  to  discuss  cross-cutting
challenges and future directions, including trustworthy AI, sci-
entific  AI,  sector-coupled  optimization,  holistic  benchmarks,
and the long-term vision of energy foundation models.

The  structure  of  the  review  is  as  follows:  Sections  II–IV
introduce the applications of  AI methods in forecasting,  opti-
mization,  and  control  and  maintenance,  respectively.  Section
V summarizes the applications of LLMs. Section VI explores
the  future  research  directions.  Section  VII  concludes  the
review.  

II.  AI for Forecasting
  

A.  Electricity Load
Accurate  electric  load  forecasting  is  essential  for  efficient

and  reliable  grid  operations,  particularly  with  increasing
renewable  integration.  The core  challenge in  load forecasting
is  to  accurately  predict  future  time-series  electricity  demand,
which  can  exhibit  daily  and  seasonal  patterns  as  well  as  ran-
domness due to human activities and weather influences.

Early AI-based load forecasting relied on ANNs, SVMs, and
other  classical  ML  models [45], [46].  These  methods
improved upon traditional  ARIMA models  by capturing non-
linear relationships and handling higher-dimensional data [47],
[48], [49],  but  often  struggled  with  long-term  dependencies
and  required  extensive  feature  engineering [50], [51].  ANN-
based models, especially when hybridized with heuristic opti-
mization, demonstrated robust performance in various settings,

but their accuracy was generally surpassed by more advanced
deep learning models [52], [53]. Specifically, LSTM architec-
tures  have  significantly  enhanced  prediction  accuracy  by
effectively learning complex patterns from historical load data
and external influencing factors.

LSTM-based  models  continue  to  serve  as  foundational
architectures  in  load  forecasting  tasks  due  to  their  ability  to
capture  long-term  temporal  dependencies.  For  instance,
Bohara et al. demonstrated the effectiveness of BiLSTM archi-
tectures in a day ahead (24 h) 38 residential homes load fore-
casting  scenarios,  achieving  approximately  5.6%,  2.85%,  and
2.60% reductions in RMSE compared to conventional LSTM,
CNN-LSTM, and CNN-BiLSTM models, respectively [54].

To  further  capture  both  local  and  temporal  features,  CNN-
LSTM  hybrid  architectures  combine  the  local  feature  extrac-
tion capabilities of CNN with the advantages of LSTM in cap-
turing long-term dependencies, making them suitable for mul-
tivariate inputs,  such as load,  weather,  and calendar variables
[55].  Wang  et  al.  (2024)  introduced  a  CNN  combined  with
multi-layer  extended  LSTM  layers  for  short-term  load  fore-
casting,  substantially  improving  load  forecasting  accuracy
over  other  DL  methods [56].  Zhao  et  al.  (2025)  proposed  a
three-channel CNN-LSTM hybrid, integrating temporal, mete-
orological,  and  historical  load  information  through  separate
LSTM channels,  which  were  then  combined  using  CNN lay-
ers.  Their  approach  reduced  the  MAPE  to  approximately
0.974%,  representing a 23.6% improvement compared to sin-
gle-channel LSTM models [57].

Additional  hybrid  models,  such  as  CNN  coupled  with
stacked  BiLSTM  networks,  have  been  explored  in  specific
scenarios.  Akhter  et  al.  (2024)  employed this  architecture  for
day-ahead load forecasting in Dhaka, Bangladesh, achieving a
MAPE of about 1.64%, outperforming conventional single and
hybrid models previously tested on the dataset [58]. Moreover,
Jang  et  al.  (2024)  performed  a  comparative  study  involving
multiple single-layer and multi-layer hybrid models, highlight-
ing the  overall  superior  predictive  performance of  hybrid  DL
models, especially when multivariate inputs (weather and cal-
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Fig. 2.     Overview of AI applications in energy systems.
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endar variables) are available [59].
Recently,  incorporating  attention  mechanisms  has  further

enhanced  prediction  accuracy  by  dynamically  weighting  sig-
nificant features and temporal segments. Quansah and Tenko-
rang (2023) utilized PSO for hyperparameter tuning combined
with  CNN-LSTM  architectures  incorporating  MHSA  layers,
achieving  a  remarkable  MAPE  of  approximately 1.9376%
[60].  Similarly,  Guo et  al.  (2025)  designed a  complex hybrid
CNN-LSTM  architecture  featuring  MHSA  and  CAM.  This
sophisticated  integration  significantly  improved  forecasting
accuracy and robustness compared to traditional  CNN-LSTM
hybrids [61].

A comparative summary of the evolution of AI methods for
electricity  load  forecasting  is  provided  in Table  1,  highlight-
ing  their  main  strengths,  weaknesses,  and  performance
improvements.  

B.  Renewable Generation
In  renewable  energy  forecasting,  the  inherent  intermittency

and  stochasticity  of  wind  and  solar  resources  have  driven  a
clear  progression  in  AI  methodologies  from  statistical  and
shallow-learning  models  to  physics-informed  deep  networks,
recurrent  and  convolutional  hybrids,  attention-based  trans-
formers  and  graph  networks,  meta-learning,  probabilistic
approaches,  and  finally  generative  scenario  generators [62],
[63].

Early work demonstrated that tree-based ensembles and gra-
dient-boosted  regressors  (e.g.,  XGBoost)  could  outperform
classical ARIMA/ARMA methods by capturing nonlinear fea-
ture  interactions  between  historical  power  and  weather  vari-
ables, albeit with limited ability to model temporal dependen-

cies  beyond  a  few  time  steps [64].  Recognizing  the  value  of
physical priors, recent studies have embedded governing equa-
tions  into  neural  networks.  Wang  et  al.  (2025)  developed  a
PINN integrating  with  a  LSCAM as  part  of  the  input  to  pre-
dict photovoltaic module temperature and subsequent PV out-
put, outperforming traditional models across different seasons
with superior accuracy [65]. Li et al. (2025) applied PINNs to
real-time  power  profiles  under  gusty  conditions,  improving
prediction  accuracy  and  error  bounds  during  transient  events
compared with a conventional neural network [66].

Deep  recurrent  architectures  marked  the  next  evolution.
Xiao et al. (2023) combined WPCA method with a GRU net-
work, using a PSO algorithm to reduce wind power RMSE by
10%–16% compared  to  the  conventional  model [67],  while
Faruque  et  al.  (2025)  fused  convolutional  layers  with  dual-
layer  GRUs  and  a  constraint-aware  loss,  further  tightening
very  short-term  wind  forecasts  and  achieving  3.65% MAPE,
outperforming Bi-LSTM and CNN models [68].

To  fuse  local  spatial  features  with  temporal  dynamics,
hybrid  CNN-RNN  architectures  emerged.  Belletreche  et  al.
(2024)  introduced  a  Conv-dual  attention  LSTM,  combining
meteorological  data  via  CNN  layers  with  LSTM  sequences
and dual attention heads, achieving state-of-the-art wind fore-
cast accuracy in desert-region datasets [69]. Similarly, Huang
et al. (2023) developed a three-dimensional CNN-GRU model
that  embeds  spatial  correlations  among  neighboring  turbines
into  a  3D  tensor,  outperforming  GRU  models  by  9.41% in
RMSE on the spatial dynamic wind power dataset [70].

Attention  mechanisms  and  transformer  architectures  then
emerged  to  model  long-range  dependencies  without  recur-
rence. Sarkar et al. (2023) introduced the EWPF-Transformer,

 

TABLE 1 
AI applications for electricity load forecasting

Model Used Key Advantages Weaknesses Performance

ARIMA [48] Robust under noisy input Purely linear, no nonlinear learn-
ing Stable, weaker than DL

SARIMA [49] Good seasonality modeling Fails for nonlinear/complex data Baseline model

SVM + ANN hybrid [46] Hybrid improves short-term load predic-
tion Early stage, limited scalability Outperforms single SVM or ANN

ANN, SVM [45] Captures nonlinearities compared two
ML baselines

Needs feature engineering, limited
generalization ANN/SVM better than ARIMA

Iterative memory-driven NN [50] Learns non-trend fluctuation Complex, data intensive Accuracy improved compared to RNN

Highway Network (DL) [51] Cross-feature collaboration Requires large datasets Better long-term online prediction

RNN, ANN [52] Captures sequential patterns Gradient vanishing, overfitting risk Improved over ANN

BiLSTM, CNN-BiLSTM [54] Bidirectional sequence learning Overfitting risk RMSE is 5.6%, 2.85%, and 2.60% lower
than LSTM/CNN-LSTM

ES-dRNN (Hybrid) [55] Combines exponential smoothing +
dilated RNN High complexity Strong robustness

CNN + extended LSTM [56] Extracts local + long term dependencies
features Heavy model size Accuracy improved compared to single

CNN or LSTM

3-Channel CNN-LSTM [57] Fuses time, weather, and historical data Needs multivariate datasets MAPE reaches 0.974% compared to
1.522% on LSTM

CNN + stacked BiLSTM [58] Captures deep temporal dependencies Data hungry MAPE reaches 1.64%, which is the best in
Dhaka case

CNN-LSTM + MHSA (PSO
tuned) [60] Dynamic feature weighting, attention Complex hyperparameter tuning MAPE reaches the lowest compared to

other algorithms
CNN-LSTM + MHSA + GAM +
CAM [61] Multi-modal learning, channel attention Computationally heavy Better generalization compared to CNN-

LSTM
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which  used  multi-head  self-attention  to  learn  global  patterns
and  achieved  5%–20% accuracy  gains  over  LSTM and  GRU
[71]. Liu et al. (2023) hybridized a GAT for turbine-level spa-
tial  relations  with  a  temporal  transformer  encoder  in  their
GFST-WSF  model,  delivering  the  best  6–24-h  wind  speed
forecasts  by  jointly  modeling  inter-turbine  and  temporal
dependencies [72].  Alongside  transformers,  GNNs  proved
effective. He et al. (2025) built a GNN model combined with
ramp  feature  recognition  and  error  correction  mechanisms,
achieving an approximate 28% improvement compared to tra-
ditional models in Belgian wind farm datasets [73].

Meta-learning  and  few-shot  methods  have  addressed  data
scarcity at new sites. Chen et al. (2024) presented WG-Reptile,
a  meta-learning  algorithm  for  ultra-short-term  wind  power
forecasting  that  adapts  pre-trained  models  to  new farms  with
minimal  data,  achieving accuracy comparable to fully trained
models [74]. Boutahir et al. (2024) extended this idea to solar
domains, showing that meta-learning notably improves model
generalization in limited-data regimes [75].

In  solar  forecasting,  convolutional  models  have  likewise
advanced  performance.  Ladjal  et  al.  (2025)  evaluated  four
solar  radiance predictors,  including CNN-LSTM hybrids,  and

found that the hybrid outperformed pure CNN and pure RNN
on  multi-hour  horizons [76],  while  Al-Ali  (2023)  combined
CNN,  LSTM,  and  a  Transformer  to  push  PV  power  forecast
and achieved highest accuracy compared to LSTM-CNN mod-
els on the Fingrid dataset [77]. Beyond point forecasts, proba-
bilistic forecasting techniques have matured in parallel. Bai et
al.  (2021)  coupled  a  ConvLSTM  network  with  KDE  to  pro-
duce full  predictive distributions,  yielding reliable confidence
intervals  and  improve  forecast  accuracy  by  more  than  20%
compared to conventional models [78].

Finally, generative AI methods now enable scenario genera-
tion for stochastic planning. Zhang et al. (2020) trained a con-
ditional  Wasserstein  GAN  on  wind  forecast  residuals  to  pro-
duce  realistic  power  trajectories  for  Monte  Carlo  simulations
[79],  while  Dong  et  al.  (2025)  proposed  a  diffusion-based
model  to  generate  controllable  renewable  energy  scenarios
capturing  manifold  space  feature  distributions [80].  Varia-
tional  autoencoder-GAN hybrids  have also been employed to
produce  wind  and  solar  real-time  series  data  for  probabilistic
OPF studies [81].

A comparative summary of the evolution of AI methods for
renewable generation forecasting is provided in Table 2.  

 

TABLE 2 
AI applications for renewable generation forecasting

Model Used Key Advantages Weaknesses Performance

XGBoost (tree ensemble) [64] Captures nonlinear weather–power
interactions, faster training

Limited temporal dependency model-
ing

Better accuracy than ARIMA/ARMA,
efficient probabilistic forecasts

WPCA + PSO + GRU [67] Combines feature reduction + opti-
mized GRU

Model complexity, depends on fea-
ture selection

RMSE reduces 10%–16% compared
to conventional GRU

CNN + dual GRU + constraint-aware
loss [68]

Integrates spatio-temporal info,
physics constraints Requires tuning, heavier computation Achieved 3.65% MAPE, better than

BiLSTM/CNN

3D CNN-GRU [70] Captures spatial-temporal features Needs large 3D tensor dataset RMSE decreases 9.41% compared to
GRU

Conv-Dual Attention LSTM [69] Fuses meteorological data High computation cost State-of-the-art desert-region accu-
racy

CNN-LSTM hybrid [76] Captures temporal + spatial solar
dynamics More complex than CNN/RNN alone Outperformed CNN/RNN in solar

DNI forecast

ConvLSTM + KDE [78] Produces probabilistic intervals Needs KDE tuning More than 20% accuracy gain, reli-
able confidence bounds

Transformer (EWPF) [71] Captures long-range dependencies,
global patterns Training cost, requires large data 5%–20% accuracy gains over

LSTM/GRU

CNN + LSTM + Transformer [77] Combines convolution, recurrence,
and attention Higher computation Best accuracy on Fingrid PV dataset

Transformer + Graph Attention Net-
work (GFST-WSF) [72]

Models turbine-level spatial + tempo-
ral dependencies Complexity of graph + transformer Best 6–24-h forecasts among bench-

marks

GCN + ramp/error correction [73] Ramp detection + error correction,
robust Needs high-quality SCADA data ~ 28% improvement compared to tra-

ditional wind models
PINN (thermal modeling for bore-
hole storage) [66]

Real-time physical consistency, bet-
ter transient accuracy Needs detailed system parameters Results outperform NN

PINN + LSCAM [65]
Embeds physical priors
(temperature–PV link), improved
generalization

Complexity, requires physics knowl-
edge

Outperformed classical PV models
across seasons

Meta-learning (WG-Reptile) [74] Few-shot adaptation for new wind
farms Relies on pre-trained models Comparable accuracy to fully trained

models
Meta-learning + Voting Regressor
(solar) [75]

Improves generalization with limited
data Sensitive to pre-training choice Better robustness in solar radiation

Conditional Wasserstein GAN [79] Generates realistic stochastic scenar-
ios Training instability Provides Monte Carlo-ready trajecto-

ries

PGDM [80] Captures manifold distributions, con-
trollable Very high compute demand Realistic renewable scenarios for

planning

Improved VAEGAN [81] Generates renewable scenarios with
interpretable features GAN training instability Effective for OPF scenario generation
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C.  Electricity Price
In recent years, classical econometric and statistical models

such  as  ARIMA,  SARIMA,  and  ARIMAX  inputs  remained
the baseline for short-term electricity price forecasting due to
their  transparency  and  interpretability [82].  However,  as
energy markets grew more volatile and external features (e.g.,
weather,  demand,  and  renewables)  became  central,  machine
learning  methods  like  random  forests,  support  vector  regres-
sion,  and  gradient  boosting  began  to  outperform  traditional
models,  offering  greater  flexibility  for  modelling  complex,
non-linear relationships.

Building  on  that,  Marcjasz  et  al.  (2023)  developed  DNNs
with  probabilistic  outputs,  which  replace  single-point  predic-
tions  with  full  predictive  distributions,  e.g.,  normal  or  John-
son’s SU, a critical advance for risk-aware applications in mar-
kets  such  as  Germany’s  day-ahead  market,  where  the  model
significantly  beats  LASSO  and  quantile  regression  averaging
approaches [83].

Building  on  probabilistic  forecasting  outputs,  the  hybrid
sequential deep architectures have emerged. Notably, Hajigho-
lam  et  al.  (2024)  introduced  a  hybrid  architecture  combining
Bi-LSTM followed by GRU layers, where bidirectional LSTM
first  captures  past-and-future  context  and  GRU  refines  it,
applied  to  New  York  City  day-ahead  prices.  This  Bi-
LSTM + GRU hybrid outperformed ARIMA, RF, XGB, basic
LSTM,  CNN-LSTM,  and  GRU alone [84].  Around  the  same
time,  Ghimire  et  al.  (2025)  proposed  a  signal-decomposition
and  deep-learning  hybrid  framework,  which  integrated  VMD
and  EWT  to  reduce  noise  and  extract  features,  followed  by
MRC  and  Bi-LSTM,  to  process  half  hourly  price  data  from
South  Australia  spanning  January  2018  to  December  2022.
The  results  notably  improved  compared  to  all  conventional
models [85].

The frontier of Transformer-based methods entered the EPF
field  in  2024–2025,  enhancing  the  model  capacity  to  capture
long-range  dependencies  via  self-attention  mechanisms.
Specifically,  Llorente  and  Portela  (2024)  introduced  a  pure
Transformer  model,  relying  exclusively  on  attention  layers
without  recurrent  units,  for  EPF,  demonstrating  superior  per-

formance  across  multiple  open datasets  and  enhancing  repro-
ducibility through open-source code [86]. In parallel, Jiang et 
al.  (2024)  proposed  a  probabilistic  forecasting  framework
based  on  a  pTFT,  demonstrating  improved  interval  predic-
tions  in  volatile  deregulated  markets [20].  Additionally,  Han
et  al.  proposed  TransGraph-Opt  model  that  integrates  Trans-
former, GNN, and PCGrad, deployed it  on the PJM intercon-
nection market  data  and PMU measurements  of  IEEE 39-bus
power system model datasets, and the results is outperformed
traditional models [87].

Finally, the latest innovation involves leveraging local-tem-
poral  convolutional  transformers,  which  fuse  convolutional
layers for local dependency extraction with Transformer archi-
tectures  for  longer-range  attention,  enabling  highly  accurate
day-ahead  wholesale  price  forecasts  and  supporting  energy
system flexibility and sustainability [88]. These developments
mark a layered progression from deterministic point to proba-
bilistic  output,  through  sequential  deep  hybrids  and  domain-
aware  ensembles,  reaching  pure  and  enhanced  Transformer
architectures.

A comparative summary of the evolution of AI methods for
electricity price forecasting is provided in Table 3.  

III.  AI for Optimization
  

A.  Grid Scheduling
Grid  scheduling  optimization  represents  a  foundational

application  area  where  AI  methodologies  have  demonstrated
significant  advances  in  addressing  the  multi-objective  nature
of  power  system  operations.  Traditional  mathematical  pro-
gramming  approaches,  although  effective  for  well-defined
problems,  face  limitations  when  dealing  with  the  increasing
complexity  introduced  by  renewable  energy  integration  and
real-time operational requirements.

RL  has  emerged  as  a  particularly  promising  approach  for
real-time  grid  operational  problems,  offering  the  ability  to
learn optimal policies through interaction with dynamic envi-
ronments. DQN and policy gradient algorithms have been suc-

 

TABLE 3 
AI applications for electricity price forecasting

Model Used Key Advantages Weaknesses Performance

Probabilistic DNN [83] Outputs full predictive distributions
(normal, Johnson’s SU), risk-aware Needs large data, complex calibration Outperformed LASSO, QRA in

Germany DA market

Bi-LSTM + GRU Hybrid [84] Captures and refines bi-directional
temporal context Model complexity Outperformed ARIMA, RF, XGB,

LSTM, CNN-LSTM

VMD + EWT + MRC + Bi-LSTM [85] Removes noise, extracts robust fea-
tures Multi-stage pipeline, heavier compute Best results on South Australia half-

hourly price forecasts

Pure Transformer (attention only) [86] Captures long-range dependencies,
reproducible open datasets/code Data hungry, high compute Superior accuracy across multiple

EPF datasets

pTFT [20] Probabilistic intervals, interpretable
temporal attention Needs penalization tuning Improved forecast intervals in

volatile markets

TransGraph-Opt (Transformer + GNN
+ PCGrad) [87]

Models graph (market topology) +
temporal sequences, mitigates gradi-
ent conflicts

Complex architecture Outperformed traditional ML/DL on
PJM + IEEE 39-bus

Local-temporal convolutional trans-
former [88]

CNN layers capture local features,
Transformer handles long-term High complexity, training cost Best day-ahead wholesale EPF

accuracy, supports flexibility
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cessfully applied to frequency regulation and congestion man-
agement  tasks,  enabling  systems  to  adapt  to  changing  grid
conditions [89].  Xiao et  al.  (2025) proposed a fast-converged
deep  RL framework  using  DDPG to  solve  transient  security-
constrained optimal power flow, demonstrating its efficacy on
IEEE 39-bus  and  a  710-bus  regional  grid [90].  The  develop-
ment of physics-informed RL represents a significant advance-
ment in grid control applications. Mahapatra et al. (2022) inte-
grated  physics-based  information  into  RL  agent’s  neural  net-
work loss function, achieving 2.7× faster convergence in gen-
erator damping control [91].

MARL  has  shown  particular  promise  for  distributed  grid
control  scenarios.  The  CCMA  architecture  proposed  by  De
Mol  et  al.  (2025)  for  power  grid  topology  control  demon-
strates  superior  sample  efficiency and performance compared
to  single-agent  approaches.  This  hierarchical  framework
enables  regional  agents  to  propose  actions  while  a  coordinat-
ing  agent  makes  final  decisions,  effectively  addressing  the
combinatorial nature of grid control action spaces [92].

The  integration  of  evolutionary  algorithms  with  real-time
systems has proven particularly effective for unit commitment
problems with high renewable penetration. Alakel et al. (2024)
employed GA and PSO methods for the optimal tuning of gain
and time constant parameters of PSS in a power network with
integrated  PV  energy  conversion  systems [93].  The  results
reveal that the PSO and GA-based PSS are significantly better
than  the  PI-PSS,  and  further,  PSO-PSS  is  marginally  more
effective than the GA-PSS in damping the rotor angle oscilla-
tions.  Zhu  et  al.  (2024)  demonstrated  the  effectiveness  of
PSO-DQN  hybrid  approaches  in  clean  energy  scheduling,
increasing  renewable  utilization  from  62.4% to  87.7% and
reducing scheduling costs by 22% [89].

GNNs  have  gained  traction  for  capturing  the  topological
structure of power networks in optimization problems. Lee et
al.  (2024)  developed  a  GC-PPO  algorithm  to  determine  how
much  power  individual  buses  dispatch  to  reduce  frequency
fluctuations  across  a  power  grid.  The  results  demonstrated
effectively determine optimal power dispatch across decentral-
ized power grid nodes [94].

A comparative summary of the evolution of AI methods for
grid scheduling optimization is provided in Table 4.  

B.  Energy Storage
BESS has become central to grid flexibility, enabling energy

arbitrage, reserve provision, and fast frequency services while
absorbing  renewable  variability.  Recent  work  shows  a  clear
methodological  progression,  which  is  from  early  end-to-end
DRL with explicit cycle ageing to optimization-ready degrada-
tion costing that can be embedded in MILP and dispatch, and
finally  to  risk-sensitive,  forecast-aware,  and  multi-market
decision-making frameworks.

The  first  wave  established  that  model-free  controllers  are
viable if  battery wear is  priced realistically.  Cao et  al.  (2020)
formulated arbitrage as  a  MDP and trained a  DRL agent  that
combined CNN-LSTM price features with an explicit lithium-
ion  degradation  model.  The  learned  policy  was  competitive
against  an  optimization baseline  under  realistic  cycling costs,
demonstrating feasibility  beyond stylized simulations [95].  In
parallel,  the  theory  matured  on  how  to  price  degradation
within system optimization. Bansal et al., (2020) proposed one
line embedded Rainflow cycle-counting in economic dispatch,
showing that co-optimizing generation and storage with cycle-
depth costs materially changes incentives and can be decisive
for  profitability [96].  He  et  al.  (2021)  constructed  a  comple-
mentary thread which is derived from a marginal degradation
cost,  a  time-varying  shadow  price  that  couples  cell  ageing,
time value of money, and system conditions, so that BESS can
be dispatched on equal economic footing with generators [97].
Crucially,  Lee  and  Kim  (2022)  further  proposed  a  degrada-
tion-cost formulation that replaces direct Rainflow with a one-
cycle  cost  function  and  an  auxiliary  SoC  variable  that  tracks
discharge-induced  wear.  This  preserves  depth-of-discharge
effects while remaining MILP-friendly for day-ahead schedul-
ing [98].

As  BESS  revenues  diversified,  risk  management  became
central.  Using  SSD,  Khaloie  et  al.  (2023)  proposed  a  risk-
aware  day-ahead  and  intraday  bidding  scheme  with  a  bench-
mark-selection procedure, showing how SSD can steer portfo-
lios toward improved downside protection relative to risk-neu-
tral  baselines [99].  García-Miguel  et  al.  (2024)  compared
CVaR and other risk measures with Rainflow-based degrada-
tion  for  the  Iberian  market.  The  results  show  that  some  risk

 

TABLE 4 
AI applications for grid scheduling optimization

Model Used Key Advantages Weaknesses Performance

PSO-DQN hybrid RL [89] Improves renewable utilization in
scheduling, adapts to dynamic grid

Training complexity, scalability chal-
lenges

Renewable share increases from
62.4% to 87.7%, scheduling cost
reduces 22%

Fast-converged DRL + DDPG-CL-
PE-ED [90]

Solves transient security-constrained
OPF, scalable to large grids Sensitive to hyperparameters Validated on IEEE 39-bus + 710-bus

grid
Physics-informed RL + augmented
random search [91]

Embeds physics in loss, accelerates
convergence Requires detailed system modeling 2.7× faster convergence in generator

damping control

CCMA RL [92] Efficiently handles combinatorial
action space, better sample efficiency High coordination overhead Outperformed single-agent RL in grid

topology control
GA + PSO for power system stabiliz-
ers [93]

Effective parameter tuning of PSS
with PV integration Heuristic, no learning ability PSO-PSS better than GA-PSS and PI-

PSS in damping oscillations

GC-PPO [94] Captures grid topology in dispatch
decisions, scalable

Needs graph embedding + large com-
pute

Effective decentralized frequency reg-
ulation
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metrics  can  underperform  without  careful  calibration,  under-
scoring  the  need  to  tune  risk  parameters  jointly  with  wear
models [100].

Learning  methods  also  became  risk-sensitive  and  forecast-
aware.  Madahi  et  al.  (2024)  used  distributional  DRL to  learn
arbitrage  policies  under  an  imbalance-settlement  mechanism.
The distributional critics allow BRPs to adjust their risk pref-
erences,  and  the  proposed  control  framework  outperformed
DQN and SAC baselines on Belgian TSO data [101]. Recog-
nizing  that  purely  reactive  agents  cannot “plan”,  Sage  et  al.
(2024)  augmented  DRL  with  time-series  forecasting,  provid-
ing  the  agent  with  short-horizon  price  predictions.  On  highly
non-stationary  Alberta  prices,  combining  multiple  forecasts
increased DQN accumulated rewards by about 60% versus no-
forecast  agents,  illustrating  the  value  of  forecast-aware  con-
trol [102]. Beyond single markets, Li et al. (2024) developed a
Transformer-based  temporal  feature  extractor  within  DRL  to
jointly bid in energy and FCAS across seven markets in Aus-
tralia,  reporting  substantial  out-performance  versus  optimiza-
tion  and  DRL  benchmarks,  evidence  that  temporal-aware
architectures help in multi-market settings [103].

With degradation now central to revenues, life-cycle-consis-
tent  operations  emerged.  Ma  et  al.  (2024)  coordinated  long-
term  capacity  bounds  (quarterly)  with  short-term  energy  and
regulation  services,  updating  bid  limits  to  balance  revenues
with  cell  health.  This  health-aware  co-optimization  is  practi-
cal  when  bids  must  reflect  evolving  usable  capacity [104].
Zhao  et  al.  (2022)  proposed  that  mobile  BESS  control  with
knowledge-assisted  DRL  stabilizes  learning  under  spatiotem-
poral uncertainties [105], and He et al. (2025) extended appli-
cability  by  FFR  with  modular  batteries  models  module-level
efficiency  heterogeneity  and  cycle  ageing  within  a  MIQCP,

reporting  28%–57% power-loss  cost  reduction  and  4%–15%
ageing-cost reduction [106].

A comparative summary of the evolution of AI methods for
energy storage optimization is provided in Table 5.  

C.  Demand Response
Early DR studies used optimization formulations to approxi-

mate  appliance  behavior  and  device  constraints,  producing
executable  baselines  against  which  data-driven  methods.
Antunes  et  al.  (2022)  proposed  the  modular  MILP  library  of
appliance  models  for  home  energy  management,  which  is  a
representative  foundation  and  formalizes  shiftable,  interrupt-
ible, and thermostatic loads and user discomfort into tractable
building blocks for DR scheduling [107].

As  smart  meters  diffused,  more  recent  work  uses  smart-
meter traces to learn the latent relations between user routines
and  load  shapes,  then  links  those  patterns  to  DR  suitability.
For  example,  Vasilis  et  al.  (2024)  proposed a  new ML-based
framework to achieve optimal load profiling, utilizing ~ 5000
households  data  in  London  and  4  different  clustering  algo-
rithms, with xAI to improve the interpretability of the solution.
The  results  screened  out  internally  inconsistent  clusters  as
poor  DR candidates,  explicitly  tying learned behavior  classes
to  actionable  DR  program  design [108].  To  address  the
“aggregate-meter only” observability gap, Esteban-Perez et al.
(2024)  used  an  IO  to  decompose  net  demand  into  baseload,
flexible,  and  self-generation  components  and  estimated  their
nonlinear  price  responses,  making  the  behavior–consumption
link  explicit  from  smart-meter  aggregates [109].  Together,
these  works  shifted  DR’s  foundations  from  rule-based “exe-
cutable approximations” to data-grounded, explainable behav-
ior associations.

 

TABLE 5 
AI applications for energy storage optimization

Model Used Key Advantages Weaknesses Performance
DRL (CNN-LSTM + degradation
model) [95]

End-to-end arbitrage, includes
lithium-ion ageing Needs accurate degradation data DRL policy competitive with MILP

baseline under cycling costs

Rainflow cycle-counting in economic
dispatch [96]

Explicit degradation-aware dispatch,
simple to embed

Not MILP-friendly, coarse cycle
model

Shows that generation-centric dis-
patch needs to consider storage degra-
dation for profitability

Marginal degradation cost model [97] Couples ageing, time-value, system
conditions Needs calibrated shadow price Dispatch aligned with generators on

economic basis
MILP-friendly degradation cost for-
mulation [98]

One-cycle SoC-based function, com-
putationally efficient Approximation of real Rainflow Practical for day-ahead scheduling

SSD-based risk-aware bidding [99] Improves downside risk control, flexi-
ble portfolio selection Needs benchmark selection Reduced risk exposure compared to

risk-neutral baseline

CVaR + Rainflow [100] Combines risk + wear Risk metrics may underperform if
mis-tuned

Iberian market: sensitive trade-off
between risk and ageing

Distributional RL (DQN, SAC base-
line) [101]

Risk-sensitive arbitrage, adjustable
preferences Higher sample complexity Outperformed DQN/SAC in Belgian

TSO data
Forecast-augmented DRL (DQN +
time-series) [102]

Uses forecasts to improve DRL plan-
ning Needs accurate forecasts Alberta market: rewards increase

about 60% compared to no-forecast
Transformer-enhanced DRL for
multi-market bidding [103]

Jointly optimizes across markets, tem-
poral feature extraction High complexity Outperformed DRL and optimization

in Australian FCAS markets

Health-aware co-optimization [104] Coordinates long-term capacity with
short-term services Needs accurate degradation models Maintained capacity health while

ensuring revenue
Mobile BESS + knowledge-assisted
DRL [105]

Stabilizes training under spatiotempo-
ral uncertainty Relies on expert knowledge input Accelerates learning process by 30%

compared to baseline
MIQCP + performance aware sched-
ule [106]

Models heterogeneity and FFR, inte-
grates degradation Computationally expensive Power-loss cost drops 28%–57%,

ageing cost drops 4%–15%
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Building on heterogeneity, the field moved from generic tar-
iffs  to  segmentation-driven  coordination  and  differentiated
strategies. Meng et al. (2023) proposed an adaptive clustering-
based  customer  segmentation  framework  and  developed  cus-
tomized  demand  models  for  each  group.  A  profit  maximiza-
tion  problem  has  been  formulated  and  the  results  improved
cost and peak metrics relative to uniform tariffs [110]. For set-
tings  with  many  premises  and  local  information,  multi-agent
formulations  stabilize  coordination  under  preference  hetero-
geneity.  Xie  et  al.  (2023)  proposed  a  new  MADRL-based
approach  with  an  agent  assigned  to  individual  buildings  to
facilitate  demand  response  programs  with  diverse  loads.  The
shared attention mechanism has been used to obtain decentral-
ized cooperative policies for electricity costs minimization and
efficient  load  shaping  without  knowledge  of  building  energy
systems [111]. Meanwhile, Cheng et al. (2024) developed pri-
vacy-preserving  FL  to  train  response/incentive  models  with-
out centralizing raw data and still reaches economic equilibria
at aggregation [112].

Pricing  and  incentives  then  became  algorithmically  adap-
tive. Wang et al., (2024) proposed bi-level RTP model, which
embeds  an  upper-level  retailer  objective  and  lower-level  user
responses.  The  study  solved  the  coupled  game  with  RL,
explicitly  considering  distributed  energy  resources,  carbon
constraints,  and  grid  fluctuations [113].  Fraija  et  al.  (2024)
applied DRL to dynamic pricing under market and supply con-
straints.  The  results  allowed  DR  Aggregator  to  improve  its
profit  per  sale  of  electricity  by  35% [114].  To  avoid  risky
online  exploration,  Kumar  et  al.  (2024)  used  offline  RL with
historical  smart-meter  logs  to  learn  deployable,  individual-
level  RTP  policies,  enabling “no-trial-and-error” roll-out
[115].

Recognizing  that  enrollment  and  response  are  not  purely
economic, recent studies integrated behavioral economics and
social factors to improve take-up, persistence, and fairness. A
behavioral-science  synthesis  argues  that  effective  DR  must

separately  address  investment,  participation,  and  the  actual
real-time response separately, and maps specific interventions
(feedback,  framing,  and  defaults)  to  each [116].  Ryu  et  al.
(2023) modeled loss aversion and uncertainty in DR adoption
and exit decisions based on prospect-theoretic game approach,
explaining  divergent  responses  under  identical  incentives
[117].  System-level  evidence  and  reviews  emphasize  that
although  monetary  incentives  dominate,  information,  trust,
and convenience substantively  affect  small-user  participation,
with  fairness  for  vulnerable  groups  a  design  requirement
[118].  Through  analyzing  data  from more  than  200  thousand
households,  Wang  et  al.  showed  that  randomized  emergency
DR  can  cause  significant  peak-time  reductions  without  addi-
tional  economic  burden  to  vulnerable  households,  offering
quantitative  support  for “welfare-neutral  or  improving” pro-
gram design [119].

At the individual  level,  the field is  converging toward end-
to-end  personalization  by  fusing  structural  knowledge  with
online  learning  and  recommendations.  Shao  et  al.  (2024)
extracted  a “SCDL” to  characterize  each  customer,  then
solved  a  bi-level  (aggregator–customer)  optimization  while
defining  multi-dimensional  portraits  that  evaluate  customers’
performance in DR programs [120]. Eirinaki et al., (2022) pro-
posed a framework integrated with real-time recommendation
of  efficient  appliance  use  to  help  households  improve energy
efficiency.  The results  on UK-DALE dataset  showed that  the
framework  can  help  reduce  their  energy  consumption  by
2%–17% [121].

A comparative summary of the evolution of AI methods for
demand response optimization is provided in Table 6.  

IV.  AI for Control and Maintenance
  

A.  Grid Control
A  key  control  challenge  in  active  distribution  networks  is

 

TABLE 6 
AI applications for demand response optimization

Model Used Key Advantages Weaknesses Performance
Modular MILP appliance library
[107]

Provides formal, executable DR base-
lines (shiftable, thermostatic loads) Requires detailed device parameters Foundation models for DR scheduling

ML clustering + XAI [108] Learns latent user load profiles, inter-
pretable clusters Needs large smart-meter datasets Identified ~ 5000 London households,

screened poor DR candidates
Adaptive clustering + segmentation
[110]

Customized group demand models,
profit maximization Sensitive to cluster quality Achieves better profit compared to

uniform pricing
Multi-agent DRL + shared attention
[111]

Decentralized DR across heteroge-
neous buildings

Requires many agents, training over-
head

Reduces the load demand by 6%
compared to standard RL approach

FL for DR [112] Protects privacy, avoids centralizing
raw data Requires communication infra Achieved equilibria while preserving

privacy

Bi-level real-time pricing + RL [113] Models retailer–user game, considers
DERs and carbon

Complexity of solving bilevel prob-
lem Stable RTP under fluctuating grid

RL-based DRA for dynamic pricing
[114]

Learns adaptive incentives under mar-
ket constraints Data intensive Profit increases 35% for DRA

Offline RL for RTP [115] Learns deployable pricing from his-
torical logs Limited adaptability to new states Eliminates risky online trial-and-error

Prospect-theoretic game model [117] Captures loss aversion and uncer-
tainty in DR participation Needs behavioral calibration Small scale ESS average benefit-cost

ratio increases from 0.78 to 1.08

SCDL + Bi-level optimization [120] Personalized DR with structural +
behavioral features Needs per-customer profiling Improved customer portraits, better

DR targeting
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maintaining  voltage  quality  while  minimizing  tap  operations
and  losses.  Cao  et  al.  (2021)  proposed  a  DRL  two-timescale
Volt/VAR  control  (VVC)  that  coordinates  fast  inverter  reac-
tive power with slower OLTC actions without relying on exact
feeder  models.  Across  multiple  feeders,  the  learned  policy
reduced  voltage  violations  and  switching  actions  relative  to
model-based  benchmarks,  evidencing  feasibility  of  physical-
model-free control [122]. Building on this paradigm, Kabir et
al.  (2023)  formulated  a  DRL  two-timescale  VVC,  reporting
minimized voltage violation costs  and system operation costs
over  conventional  rule-based  VVC  across  realistic  scenarios,
thus  reinforcing the  generality  of  learning-based coordination
for  distribution  systems [123].  Scalability  and  heterogeneity
motivated  MARL.  Wang  et  al.  (2021)  cast  AVC  as  a  Dec-
POMDP  and  released  the  open-source  environment.  The
results  demonstrated  that  attention-based  agents  coordinating
many distributed energy resources outperform local droop-like
heuristics  on feeder-level  voltage and loss objectives,  provid-
ing a community benchmark and MARL algorithms for repro-
ducible evaluation of real-world applications [124].

Despite these advances, MARL-based voltage control intro-
duces the risk of emergent and destabilizing behaviors, such as
oscillatory  actions,  unsafe  exploration,  or  adversarial  interac-
tions among agents. The risks of emergent behaviors that must
be  formally  modeled  and  constrained,  both  technically  and
institutionally.  Several  technical  strategies  have  been  pro-
posed  to  mitigate  these  risks.  A  primary  mitigation  strategy
lies in sophisticated reward engineering. Instead of rewarding
only local voltage regulation, the reward function must include
system-level  penalty  terms  that  disincentivize  rapid  control
actions,  excessive  power  exchange,  or  behaviors  that  reduce
overall  stability  margins.  This  encourages  agents  to  learn  not
just effective, but also smooth and safe control policies [125].
Second,  safe  RL  frames  the  problem  as  a  CMDP,  enforcing
operational safety limits during both training and deployment.
Approaches such as projection layers and barrier-function crit-
ics ensure that actions leading to voltage collapse or transient
instability are excluded even during exploration [126].  More-
over,  to  provide  formal  stability  guarantees,  researchers  are
integrating MARL with traditional control-theoretic principles.
For example, Lyapunov stability analysis can be used to define
a “safe  region” of  operation.  The  MARL  system  is  then

designed  to  operate  strictly  within  this  region,  with  a  classic,
provably  stable  controller  acting  as  a  fallback supervisor  that
intervenes  if  the  AI  attempts  to  exit  the  safe  envelope [127].
These  techniques  complement  physics-informed  MARL,
which  has  been  introduced  by  Zhang  et  al.  (2024),  that
encodes  grid  sensitivities  and  network  structure  into  the  pol-
icy,  accelerating  learning  and  enhancing  robustness  on  fast
voltage control tasks in distribution networks [128].

Beyond  technical  safeguards,  effective  governance  frame-
works are required for safe deployment of MARL-based con-
trollers.  The  NREL  (2024)  emphasized  that  a  critical  gover-
nance  component  is  mandatory  certification  within  high-
fidelity  digital-twins  of  the  power  system,  where  agents  are
rigorously  stress-tested  against  contingency  scenarios,  com-
munication  failures,  and  potential  cyberattacks  to  formally
verify  resilience  and  fail-safe  behaviors [129].  The  DOE
(2024) highlighted the need for hierarchical oversight in which
MARL agents function only as level-1 or advisory controllers.
Human  operators  must  retain  ultimate  authority  and  the  abil-
ity  to  override  AI  decisions,  often  supported  by  automated,
physics-based safety nets that preemptively block unsafe con-
trol  actions [130].  ENTSO-E  (2024)  further  stressed  the
importance of auditability and explainability:  MARL systems
should  generate  immutable  logs  of  observations,  decisions,
and  internal  states,  while  explainable  AI  techniques  provide
operators  with  transparent  rationales,  thereby  fostering  trust
and  enabling  effective  post-event  analysis [131].  Together,
these technical safeguards and governance measures provide a
multi-layered defense,  making MARL a more credible candi-
date for real-world deployment.

Frequency  regulation  under  large  disturbances  is  another
frontier where AI demonstrates value. Xie et al. (2021) devel-
oped distributional DRL for EFC, showing on large-scale test
systems that distributional critics stabilize frequency faster and
more  robustly  than  classical  under-frequency  load  shedding
logic,  particularly  under  high  RES [132].  Complementarily,
Zheng et  al.  (2023) integrated linear  active disturbance rejec-
tion control with DRL for LFC in multi-area systems, report-
ing  improved  settling  time  and  overshoot  over  PI  baselines
across renewable variability cases [133].

A comparative summary of the evolution of AI methods for
grid control is provided in Table 7.  

 

TABLE 7 
AI applications for grid control

Model Used Key Advantages Weaknesses Performance
DRL for two-timescale Volt/VAR
control (VVC) [122]

Model-free, coordinates inverters with
OLTC without feeder model

Training needs large data, stability
concerns

Reduced voltage violations and tap
actions across feeders

DRL two-timescale VVC (degrada-
tion-aware inverters) [123]

Incorporates inverter degradation
cost, robust coordination Relies on realistic inverter models Reduced violation and system cost vs.

rule-based VVC
Multi-agent RL (Dec-POMDP for
AVC) [124]

Decentralized agents, open-source
benchmark, scalable

Training complexity, requires com-
munication

Outperformed droop heuristics on
feeder voltage/loss

Physics-informed MARL (PV invert-
ers) [128]

Encodes sensitivities + topology,
faster, more stable Needs accurate physics models Robust fast-voltage control, acceler-

ated convergence

Distributional DRL for EFC [132] Distributional critics stabilize control,
robust to RES Computationally heavy Faster stabilization vs. UFLS, robust

under high RES
DRL + active disturbance rejection
control for LFC [133]

Hybrid improves disturbance rejec-
tion, shorter settling Complexity in integration Improved settling and overshoot vs.

PI baseline
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B.  System Maintenance
On  the  maintenance  side,  PdM  benefits  from  fusing  estab-

lished  diagnostics  with  modern  machine  learning.  For  power
transformers, Reference [134] reviewed DGA alongside vibra-
tion  and  thermal  methods,  detailing  how  supervised  learning
and ensemble models improve fault typing and early warning
despite class imbalance and overlapping signatures. Sutikno et
al.  (2024)  refined  DGA  interpretation  with  multi-method
machine-learning ensembles,  reporting higher diagnostic con-
sistency  against  legacy  ratio  methods  on  curated  utility
datasets [135].

Computer  vision  has  shifted  asset  inspection  from  manual
patrols  to  automated detection.  Qiu et  al.  (2022)  proposed an
improved  YOLOv4  pipeline  for  insulator  defect  detection
using  aerial  imagery,  achieving  higher  precision  recall  than
baseline  detectors  on  composite  datasets  and  establishing  a
pragmatic recipe (data augmentation + sharpening + attention)
for transmission assets [136].

Chen  et  al.  (2024)  further  provided  an  effective  identifica-
tion model to solve the problem of electricity transmission line
defects based on the improved YOLOv4 network. The results
achieved better efficiency and accuracy while reducing unnec-
essary false positives [137].

Beyond  visible  imagery,  Tang  et  al.  (2024)  introduced  a
deformable  convolution  module  into  the  DeDn-CNN  with
image  denoising  algorithm  to  thermal  fault  diagnosis  for
infrared  images  of  complex  electrical  equipment.  The  results
yielded  accurate  hot-spot  localization  on  substation  equip-
ment,  enabling  actionable  thermal  diagnostics  with  reported
component-level  detection  accuracies  above  85% on  curated
sets [138].

Event analytics from PMU data is maturing into robust mon-
itoring.  Liu  et  al.  (2023)  developed  a  real-world  PMU  event
classification workflow that addresses noisy logs and missing
data  via  preprocessing,  event  localization,  and  feature  engi-
neering. The framework has been validated on Western Inter-
connection data, and the results showed that lightweight mod-

els  trained  under  this  framework  surpass  neural  baselines
when  labels  are  imperfect,  enabling  scalable  deployment  in
WAMS [139].

Methodologically,  Gök et  al.  (2023)  generate  physics-plau-
sible synthetic PMU frequency trajectories to enlarge the train-
ing set of deep classifiers and show that the “synthetically sup-
ported” set  yields  higher  transient-event  classification  accu-
racy than training on field data alone, directly addressing label
scarcity in real grids [140]. In parallel, MansourLakouraj et al.
(2022)  exploit  multi-rate  PMU  streams  from  PV-penetrated
active  distribution  feeders  and  apply  a  spectral  GNN,  which
encodes  network  topology via  the  graph Laplacian,  to  jointly
classify  event  type  and  identify  the  affected  region,  demon-
strating  improved  robustness  to  reporting-rate  heterogeneity
and distribution-grid operating variability [141].

For localization, GNNs encode network topology and mixed
node/edge  attributes.  Sun  et  al.  (2021)  demonstrated  GNN-
based  distribution  fault  location,  outperforming  conventional
impedance-based  estimators  in  simulations  that  incorporate
measurement uncertainty [142].

A comparative summary of the evolution of AI methods for
system maintenance is provided in Table 8.  

V.  LLMs in Energy Systems

Beyond  traditional  machine  learning  architectures,  the
recent emergence of LLMs represents a paradigm shift in AI's
potential  role  within  the  energy  sector.  These  models,  pre-
trained on vast textual and code datasets, possess an unprece-
dented  ability  to  understand,  generate,  and  reason  with
unstructured human language, opening new frontiers for oper-
ational  efficiency  and  human–machine  interaction.  This  sec-
tion surveys the emerging applications of LLMs across energy
systems,  which  can  be  broadly  categorized  into  several  key
areas:  grid  dispatch,  simulation  and  tool  integration,  market
decision-making,  fault  diagnosis,  knowledge-based  control
room assistance, and safety evaluation.  

 

TABLE 8 
AI applications for system maintenance

Model Used Key Advantages Weaknesses Performance

ML ensemble for DGA [135] Higher diagnostic consistency, over-
comes ratio limits Needs curated utility datasets Improved early fault typing vs. legacy

DGA
YOLOv4 (improved) for insulator
defect detection [136]

High precision/recall, robust pipeline
(augmentation + attention) Relies on large annotated datasets Outperformed baseline detectors

YOLOv4 (lightweight, CV-assisted)
[137]

Efficient defect detection, reduces
false positives

May underperform on unseen asset
types

Higher efficiency + accuracy than
prior YOLO models

Deformable CNN + DeDn-CNN for
infrared images [138]

Accurate hotspot localization, > 85%
component detection

Sensitive to infrared noise and prepro-
cessing of image denoising

Effective thermal fault diagnosis for
infrared images of complex electrical
equipment

Event classification workflow (PMU
data) [139]

Handles noise + missing data, scal-
able to WAMS Preprocessing overhead Validated on Western Interconnec-

tion data, better than NN baselines
Deep learning + synthetic PMU data
augmentation [140]

Addresses label scarcity, improves
transient classification Synthetic data realism limits Higher accuracy vs. field-only train-

ing
Spectral GNN + multi-rate PMU
[141]

Encodes topology, robust to report-
ing-rate heterogeneity High computation demand Improved robustness in PV-pene-

trated feeders

GNN for fault location [142] Encodes node/edge attributes, better
under uncertainty

Needs graph construction, less tested
in field

Outperformed impedance-based esti-
mators in simulation
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A.  Applications
The  complexity  of  power  dispatch  presents  a  prime  target

for LLM specialization. Cheng et al. (2025) introduced GAIA,
a  domain-specialized LLM for  power  dispatch,  reporting that
GAIA  was  fine-tuned  on  multi-source  dispatch  corpora  and
evaluated  on  ElecBench.  The  results  outperformed  baseline
LLaMA-2 configurations on multiple dispatch tasks [36]. The
ElecBench  benchmark  explicitly  targets  power  dispatch  tasks
and  identifies  GAIA  as  the  first  dispatch-domain  LLM  with
multiple  parameter  scales  for  controlled evaluation [35].  This
work  demonstrates  that  through  domain-specific  adaptation,
LLMs can learn to execute tasks requiring precise understand-
ing of grid physics and operational protocols.

A significant barrier to AI in energy is the inability to inter-
act  with  specialized  software.  Jia  et  al.  (2024)  proposed  a
modular,  feedback-driven  multi-agent  framework  that  equips
LLMs with enhanced RAG with stepwise reasoning and envi-
ronment-acting to run power-system simulations across previ-
ously unseen tools such as DALINE and MATPOWER. On 34
tasks  in  DALINE,  the  proposed  framework  achieved  96.07%
coding  accuracy  compared  to  0% in  GPT-4o  and  33.8% in
GPT-4o web interface. The results highlighted the potential of
LLMs  agents  in  power  systems [143].  This  breakthrough
shows that with structured reasoning and tool-calling capabili-
ties,  LLM  agents  can  autonomously  operate  complex  power
system  software,  dramatically  lowering  the  expertise  barrier
for simulation and analysis.

LLMs are also being trialed as cognitive components within
market trading agents. Zhang et al. (2024) modeled BESS bid-
ding  in  Australia’s  FCAS  market  as  risk-aware  DRL.  Then
they  added  an  LLM-assisted  AI  agent  for  conditional  hybrid
decision-making and self-reflection to mitigate hallucinations.
The results reported higher bidding profitability and improved
robustness versus DRL-only baselines under uncertain market
conditions [144]. This suggests that the reasoning and contex-
tualizing  abilities  of  LLMs  can  complement  the  optimization
power  of  DRL,  leading  to  more  robust  and  profitable  strate-
gies in non-stationary environments.

The explainability of LLMs is particularly valuable for diag-
nostic  tasks.  Liu  et  al.  (2024)  explored  prompt-engineered
LLMs (e.g.,  GPT-4)  for  power grid fault  diagnosis  from sen-
sor/asset  descriptions,  reporting  accuracy  and  explainability
gains  relative  to  naive  prompting  and  tree/chain-of-thought
variants [145].  Similarly,  Dave  et  al.  (2024)  embedded  an
LLM agent into a diagnostic system that grounds explanations
in physical models and sensor data to reduce hallucination risk
[146].  For  real-time control-room use,  Liu et  al.  (2024)  com-
bined  a  DNN  with  a  pre-trained  LLM  to  analyze  SCADA
alarm sequences for decision support [147]. Collectively, these
studies  highlight  a  key  trend  that  marrying  the  semantic  rea-
soning of LLMs with the certainty of physical models or sen-
sor  data  is  a  promising  path  toward  trustworthy  and  inter-
pretable diagnostics.

For  real-time  operations,  LLMs  are  being  tailored  as  next-

generation decision support tools. Choi et al. (2024) described
eGridGPT,  a  trustworthy-AI  concept  where  RAG  grounds
LLM outputs in utility procedures, SCADA/PMU context, and
operator checklists to reduce hallucinations for “control room
of the future” use cases [37]. PNNL published LLM use cases
that  process  alarm  sequences,  perform  root-cause  narratives,
and generate operator  recommendations with domain-adapted
LLMs [148]. The core innovation here is the construction of a
verified  informational  context,  comprising  manuals,  real-time
data,  and  procedures,  that  constrains  the  LLM's  outputs  and
grounds them in operational reality, thereby minimizing hallu-
cination for "control room of the future" use cases.

As  LLMs  are  considered  for  increasingly  critical  roles,
proactive  safety  assessment  becomes  paramount.  Ruan  et  al.
(2024) systematically examined vulnerabilities such as prompt
injection, unstable decision-making, and data leakage in LLM-
based grid operations, urging the establishment of countermea-
sures and standards [149]. Majumder et al. (2024) further eval-
uated LLMs on electrical-engineering tasks, including power-
flow-type  reasoning,  both  their  promise  and  limitations,  and
underscoring  the  need  for  rigorous  benchmarks  before
widespread deployment [150]. These pioneering studies estab-
lish  a  crucial  research  frontier.  The  need  for  rigorous,  stan-
dardized  red-teaming  and  benchmarking  ensures  that  the
deployment  of  LLMs  is  accompanied  by  a  thorough  under-
standing of their failure modes and security risks.  

B.  Hallucination Risk
Although  these  pioneering  applications  highlight  the

promise of LLMs, they also repeatedly expose a fundamental
obstacle, which is the risk of hallucination, preventing the reli-
able  deployment  of  general-purpose  LLMs  in  high-stakes
energy system operations [151]. This phenomenon, wherein a
model  generates  plausible-sounding  but  factually  incorrect,
inconsistent,  or  entirely  fabricated  information,  stems  from
their core design as statistical generators rather than symbolic
reasoners.

In the energy sector, the manifestation of hallucination phe-
nomena is particularly dangerous where decisions have physi-
cal consequences. Models may invent nonexistent equipment,
misrepresent  the thermal limits  of  transmission lines,  or  most
critically,  generate  hazardous  switching  sequences  that  cause
equipment damage or trigger cascading blackouts. These risks
are  amplified  by  the  fact  that  LLMs  lack  a  grounded  under-
standing of physics and are trained on internet-scale data that
may  contain  inaccuracies  or  lack  specific,  up-to-date  grid
knowledge.  

C.  Pathways to Trustworthy LLMs
In  safety-critical  energy  applications,  mitigating  hallucina-

tions  requires  not  only  improving  language  fluency  but  also
system  designs  that  guarantee  determinism  and  verifiability.
Current  research  is  converging  on  two  complementary
approaches [152].  The  first  is  to  embed  LLMs  within  hybrid
neuro-symbolic  architectures,  where  the  model’s  generative
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flexibility  is  bounded  by  formal  rules  and  deterministic
solvers. The second is to apply external validation paradigms,
treating the LLM as a black-box generator whose outputs must
pass independent checks before they are acted upon. Together,
these  strategies  shift  the  burden  of  reliability  away  from  the
LLM itself and onto surrounding safety mechanisms.

The  hybrid  neuro-symbolic  pathway  redefines  the  LLM’s
role  from decision-maker  to  language interface [153].  Opera-
tors’ queries are translated by the LLM into structured inputs
for certified tools such as power-flow simulators or optimiza-
tion engines. These solvers remain the sole source of numeri-
cal  truth,  while  the  LLM  only  converts  results  into  human-
readable summaries. For more complex tasks, such as drafting
switching sequences,  the LLM may generate candidate plans,
but  they  are  then  screened  by  a  symbolic  verifier  or  safety
shield that encodes hard grid constraints like thermal and volt-
age  limits,  frequency  stability,  or  N-1  criteria.  RAG can  fur-
ther  constrain  outputs  by  forcing  the  model  to  ground
responses in a curated and versioned knowledge base contain-
ing SCADA/PMU data,  operating procedures,  and equipment
manuals.  In  this  way,  the  model’s  creativity  is  strictly
“anchored” to documented facts and real-time system states.

The  external  validation  pathway  adds  a  second  line  of
defense.  Recommendations  that  imply  physical  actions  are
replayed  in  digital-twin  simulations,  which  act  as  empirical
“reality checks” by comparing simulated outcomes with oper-
ational  safety  thresholds [154].  In  parallel,  cross-model  con-
sensus  leverages  diversity [153],  which  means  that  LLMs,
rule-based  expert  systems,  and  GNNs  can  all  be  tasked  with
the  same query,  and results  are  accepted  only  when indepen-
dent systems agree. Disagreement is not treated as failure but
as a signal of complexity or ambiguity, automatically escalat-
ing  the  issue  for  human  review.  Combined  with  immutable
audit  trails  that  record  data,  model  versions,  and  decisions,
these  mechanisms  ensure  that  no  unsafe  action  can  bypass
deterministic  checks,  positioning  LLMs  as  assistants  that
enhance  human  oversight  rather  than  uncontrolled  decision-
makers.  

VI.  Future Research Directions
  

A.  Trustworthy AI
In high-stakes grid operations, explainability alone does not

define  trustworthiness.  Although  the  ability  to  understand  a
model’s  reasoning  is  essential,  operators  and  regulators
increasingly demand broader guarantees that go beyond trans-
parency. The first of these is uncertainty quantification [155].
A  model  that  issues  confident  predictions  without  indicating
when it is operating outside its training domain is not reliable.
Approaches such as BNNs and conformal prediction provide a
way to attach calibrated confidence intervals to outputs, alert-
ing operators to potential  blind spots [156].  Closely linked to
this  is  the  requirement  for  provable  safety  and  robustness.  In
power  system  control,  no  model  should  ever  recommend  an

action that violates hard operational limits. Here, architectural
innovations  such  as  neuro-symbolic  designs,  with  a  neural
module proposing actions and a symbolic safety shield enforc-
ing  physical  laws,  illustrate  how  safety  can  be  embedded  by
design rather than added as an afterthought [157].

Trustworthiness also requires that decisions be reproducible
and  auditable [158].  Every  control  action  must  be  traceable
back to the exact data, code, and model version that generated
it.  Emerging  MLOps  practices  make  such  immutable  audit
trails  feasible  and  provide  regulators  with  the  accountability
they expect [159]. At the same time, fairness and equity must
be  recognized  as  integral  dimensions  of  trust [160].  As  AI
increasingly  manages  distributed  resources  and  demand
response,  it  must  not  systematically  disadvantage  vulnerable
groups,  for  example,  by  curtailing  low-income  households
more often than others. Fairness-aware training, where equity
metrics  are  embedded  directly  in  the  model  objective,  offers
one  route  to  mitigate  such  risks.  Finally,  resilience  against
adversarial  and  cyber  threats  is  indispensable [161].  Attacks
such  as  data  poisoning  or  malicious  sensor  manipulation  are
not  hypothetical.  They  are  real  vulnerabilities  that  must  be
addressed through both algorithmic defenses and certification
processes,  drawing  on  long-standing  practices  in  protection
relays and SCADA systems.

Taken  together,  these  requirements  show  that  trustworthi-
ness is not a single property but a multidimensional standard.
Meeting it will require architectural innovations that integrate
uncertainty  quantification,  safety,  auditability,  fairness,  and
resilience into AI systems from the ground up. Only then can
AI move from promising prototypes to trusted partners in criti-
cal grid operations.  

B.  Scientific AI
The  growing  emphasis  on  explainability  and  resilience

reflects a broader shift away from purely data-driven, correla-
tional  models  toward  a  paradigm  of “scientific  AI”.  At  the
core  of  this  transition  lies  physics-informed  AI,  which
reframes machine learning not as a black-box predictor but as
a hybrid modeling tool that combines statistical learning with
first-principles  knowledge [162].  Rather  than  replacing
physics,  this  approach  leverages  domain  laws  to  guide  learn-
ing,  producing  models  that  are  more  data-efficient,  robust  to
out-of-distribution  conditions,  and  inherently  interpretable
because their  outputs  are  constrained by physical  consistency
[163].

Realizing  this  shift,  however,  requires  co-evolution  in  both
data infrastructure and validation standards. The infrastructure
must  move  beyond  passive “data  lakes” toward  context-rich
digital-twins that serve as dynamic,  queryable representations
of the physical grid [164]. In such twins, data are intrinsically
linked to their  physical  origin,  including asset  identity,  topol-
ogy  position,  and  engineering  specifications.  Coupling  these
with  advanced  physics-based  simulators  enables  the  genera-
tion of  targeted synthetic  datasets  for  rare  but  critical  scenar-
ios,  as  well  as  systematic “what-if” testing  for  robust  model
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validation.
Equally important are new validation standards. Traditional

statistical metrics such as mean absolute error are insufficient
when  models  are  deployed  in  safety-critical  environments.
Future  standards  must  evaluate  physical  consistency  (e.g.,
adherence to Kirchhoff’s laws and operational limits), include
standardized extrapolation benchmarks that test generalization
to extreme contingencies and unprecedented weather patterns,
and  adopt  causal  validation  frameworks  that  probe  whether
models  have  captured  genuine  cause–effect  relationships
rather than spurious correlations.

By jointly investing in these evolutions of infrastructure and
standards, the energy sector can lay the groundwork for a new
generation of scientific AI, which means that models not only
achieve  predictive  accuracy  but  also  embody  the  robustness,
interpretability, and causal understanding required for reliable
use in critical grid operations.  

C.  Sector-Coupled and Multi-Agent Optimization
Modern  energy  systems  are  no  longer  isolated  silos.  They

form  a  tightly  interwoven  fabric  of  electricity,  heating,  cool-
ing,  mobility,  and  gas  networks,  where  decisions  unfold  on
vastly different timescales, from seconds in frequency regula-
tion to months in storage planning. The technical challenge is
that  sector coupling multiplies the dimensionality of the opti-
mization  space.  Millions  of  states  and  interdependent  actions
must  be  coordinated  across  heterogeneous  domains.  Tradi-
tional  approaches,  such  as  mixed-integer  programming,  often
collapse  under  this  burden,  as  computational  complexity  and
non-convexities grow exponentially with system scale. This is
the  essence  of  the  curse  of  dimensionality  in  sector-coupled
optimization [165].

AI  offers  a  way  forward  by  replacing  monolithic  formula-
tions  with  structured  decomposition.  MARL provides  a  natu-
ral  framework.  Instead  of  solving  one  massive  optimization,
the problem is distributed across agents that represent distinct
sectors (e.g., district heating, EV fleets, and distribution grids)
or  even  different  temporal  layers  within  a  sector.  Each  agent
learns  specialized  policies  for  its  local  sub-problem,  while
coordination  emerges  through  carefully  designed  interaction
protocols. Within this backbone, other AI techniques add fur-
ther scalability, for instance, GNNs compress complex infras-
tructures into lower-dimensional  representations,  approximate
dynamic  programming  and  DRL  make  exploration  of  high-
dimensional  state  spaces  tractable,  and  federated  or  dis-
tributed  learning  allows  collaboration  across  stakeholders
without  requiring  sensitive  data  to  be  centralized.  Together,
these methods transform dimensionality from an obstacle into
an opportunity for modular learning.

Looking  ahead,  distributed  and  edge  intelligence  will  be
essential  to  complement  cloud-based  coordination.  Substa-
tions, microgrids, and local aggregators must retain autonomy
to  act  in  real  time,  particularly  under  communication  failures
or  cyberattacks.  Edge AI,  strengthened by federated learning,
enables  such  local  decision-making  while  preserving  system-

wide  coherence.  In  our  view,  the  integration  of  multi-agent,
multi-sector, and multi-timescale optimization remains one of
the  most  underexplored  but  potentially  high-impact  frontiers
for AI in energy systems.  

D.  Holistic Benchmarks
A persistent barrier to responsible AI deployment in energy

systems  is  how  performance  is  evaluated.  At  present,  most
studies still rely on narrow accuracy metrics such as RMSE on
historical  datasets.  Although  useful  for  basic  validation,  such
numbers  reveal  little  about  whether  a  model  can  be  trusted
under real  operating conditions.  In critical  infrastructures,  the
decisive question is not only “How accurate is the average pre-
diction?” but  also “Will  the  system remain  reliable,  fair,  and
resilient  under  stress?” Similar  concerns  have  recently  moti-
vated the creation of multi-dimensional evaluation suites such
as  ElecBench,  which  assesses  factuality,  stability,  security,
and  fairness  for  power-dispatch  LLMs  rather  than  accuracy
alone [35].

Moving  forward,  the  community  needs  shared,  open
testbeds  built  on  high-fidelity  digital-twins.  Digital-twins  are
increasingly  recognized  as  dynamic,  queryable  representa-
tions  of  power  systems,  capable  of  linking  data  to  physical
assets,  topology,  and  engineering  specifications [166].  In  the
energy domain, they have been identified as essential tools for
benchmarking  AI  under  diverse  operating  conditions,  from
high-inertia  transmission  systems  to  distribution  grids  with
high shares  of  distributed resources [167].  Advances in  high-
performance  computing  now  make  it  feasible  to  couple  such
twins  with  detailed  simulators,  generating  synthetic  datasets
for  rare  contingencies  while  supporting  systematic “what-if”
testing [168].

Benchmarking  should  also  incorporate  a  diverse  library  of
challenge  cases  that  push  models  beyond  routine  conditions.
These  cases  should  cover  scenarios  such  as  noisy  sensors,
missing  data,  or  communication  delays  to  test  model  robust-
ness.  High-impact,  low-probability  events  (e.g., N-k failures,
cascading  failures,  or  extreme weather)  must  be  incorporated
to assess resilience. Fairness audits should reveal whether AI-
driven  decisions  systematically  disadvantage  specific  cus-
tomer  groups.  Finally,  evaluation  needs  to  be  multi-dimen-
sional.  A  meaningful  benchmark  should  resemble  a “score-
card” that reports on efficiency (accuracy and cost), resilience
(load  shed,  recovery  time,  and  stability  margins),  robustness
(performance under noise or attack), fairness (metrics such as
demographic  parity),  and  computational  feasibility  (inference
time and training cost).

Creating  such  benchmarks  will  require  collective  effort
across academia, utilities, and regulators. With them, the field
can move toward a culture of rigorous, transparent evaluation,
which is an essential  step for AI to become a reliable partner
in the operation of future energy systems.  

E.  Energy Foundation Models
Beyond the incremental steps above, a more ambitious fron-
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tier  is  the  development  of “foundation  models” for  energy.
Just  as  GPT-type  models  provide  a  shared  backbone  for  lan-
guage tasks. The idea is borrowed from natural language pro-
cessing,  where  large  pre-trained  models  now  serve  as  the
backbone  for  countless  applications.  In  the  energy  domain,
such a  model  would aim to  encode universal  physical  princi-
ples,  such  as  Kirchhoff’s  laws,  stability  constraints,  and  net-
work flow dynamics into a single, pre-trained architecture that
can  then  be  adapted  to  different  grid  topologies  and  regional
contexts.

The  viable  pathway toward  this  vision  rests  on  several  pil-
lars.  First,  physics-informed architectures will  be essential.  A
natural  choice  is  to  use  GNNs  that  reflect  the  structure  of
power grids, combined with differentiable power flow solvers
to  ensure  physical  consistency  in  predictions.  This  approach
aligns  with  broader  advances  in  physics-informed  learning,
which  embed  governing  equations  and  domain  knowledge
directly  into  neural  architectures [169], [170].  Second,  multi-
modal  pretraining  can  allow  the  model  to  learn  from  diverse
sources,  such  as  time-series  data  from  SCADA  and  PMUs,
thousands  of  grid  topology  examples,  and  even  unstructured
text such as technical manuals [171]. Self-supervised tasks, for
instance,  predicting  the  outcome  of  N-1  contingencies,  could
serve as pretraining objectives that teach the model fundamen-
tal  grid  dynamics.  Third,  efficient  fine-tuning  would  allow
utilities  to  adapt  the  foundation  model  with  relatively  little
local  data,  enabling  tasks  such  as  optimal  power  flow,  fault
detection,  or  asset  management  without  starting  from scratch
each time.

In  our  judgment,  realizing  truly  universal,  multi-domain
foundation models will not be achieved overnight. It demands
advances  in  model  design,  large-scale  multimodal  datasets,
shared benchmarks, and governance frameworks for trustwor-
thy deployment. Scaling to this level is likely to be a decade-
long  effort,  requiring  close  collaboration  between  academia,
industry,  and  regulators.  Nonetheless,  this “grand  vision”
offers  a  unifying  pathway  for  the  next  generation  of  AI  in
energy: Models that are not only powerful predictors but also
scientifically  grounded,  adaptable,  and  deployable  across
diverse energy systems.  

VII.  Conclusion and policy implications

This  review  synthesized  the  state-of-the-art  applications  of
AI  in  energy  systems,  charting  a  consistent  methodological
progression  from  classical  ML  toward  more  sophisticated,
physically-grounded,  and  agentic  architectures.  The  evidence
confirms that AI has evolved from an auxiliary analytical tool
into  a  foundational  enabler  of  the  energy  transition.  By
enhancing  forecasting,  optimizing  operations,  and  enabling
autonomous  control,  AI  directly  contributes  to  the  reliability
and  efficiency  required  to  accommodate  high  penetrations  of
renewable  energy,  empowering  a  more  flexible  and  decar-
bonized grid.

Looking forward, the integration of AI into energy systems

is no longer a question of if,  but  of  how. Realizing this  tech-
nology's full potential hinges on addressing three core impera-
tives  for  the  next  decade  of  development.  First  is  achieving
trustworthiness  through  explainable,  verifiable,  and  cyber-
secure  systems  that  earn  regulatory  and  operator  acceptance.
Second is ensuring deep physical and social integration, where
AI  decision-making  respects  both  network  constraints  and
equity considerations.  Third is  delivering distributed scalabil-
ity  through  edge  intelligence  and  federated  learning  to  man-
age  millions  of  decentralized  assets.  Mastering  these  impera-
tives is essential for creating energy systems that are not only
sustainable but also equitable and secure.

To  navigate  this  transition,  a  proactive  policy  and  gover-
nance framework is essential. From a market perspective, reg-
ulators  must  mandate  open  data  interfaces  and  transparent
evaluation  standards  to  unlock  efficiency  gains,  while  using
targeted incentives to de-risk initial AI investments for smaller
entities.  Operationally,  policymakers  should  champion  cross-
sector  standards  to  leverage  AI  for  resilience  across  coupled
electricity,  transport,  and  heating  systems.  Finally,  to  ensure
governance and accountability, clear requirements for explain-
ability, auditability, and minimum cybersecurity standards are
indispensable  for  all  critical  AI  applications.  Together,  these
actions will build the trust and structure needed to establish AI
as an operational cornerstone of the sustainable energy future.  
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