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ABSTRACT
Effective stability  analysis  is  essential  for  the secure operation of  modern power systems.  As smart  grids evolve with  increased
interconnection, renewable energy integration, and electrification, the large-scale deployment of ultra-high voltage AC/DC networks
introduces various operational  modes and potential  fault  points,  posing significant  challenges to maintaining stability.  Traditional
analysis and control methods fall short under these conditions. In contrast, emerging artificial intelligence (AI) techniques, combined
with  real-time data collection,  provide powerful  tools  for  enhancing stability  analysis  in  smart  grids.  This  paper  comprehensively
explores AI techniques in stability analysis, discussing the necessity and rationale for integrating AI into stability analysis through
the lenses of knowledge fusion, discovery, and adaptation. It  provides a thorough review of current studies on AI applications in
stability  analysis,  addresses key challenges,  and outlines future prospects for  AI  integration,  highlighting its  potential  to  improve
analytical capabilities in complex power systems.
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Power systems form a strategic foundation for national  eco-
nomic  and  social  development,  representing  one  of  the
largest,  most  widespread,  and complex  man-made systems

in modern society. Their secure and stable operation is critical to
sustaining economic growth and social stability[1–3]. The increasing
integration of power electronics, coupled with rapid advancements
in technologies such as ultra-high voltage AC/DC interconnection
and renewable energy integration, has heightened the complexity
of power systems, expanding the range of their operational states[4].
These developments impose stricter requirements on the system’s
security and stability[5,6].

Since  the  early  21st  century,  large-scale  blackouts  caused  by
natural disasters,  human error, or malicious attacks have become
more  frequent  worldwide[7–9].  For  example,  in  2018,  a  cascading
failure due to the overload protection of a circuit breaker in Brazil
resulted  in  the  disconnection  of  a  regional  grid  from  the  main
network, triggering a large-scale blackout[8].  This incident led to a
loss of 18 GW of load, or 22.5% of Brazil’s national grid, affecting
one-quarter of its population. Such events underscore that system
instability is  a major contributor to widespread blackouts,  posing
significant  risks  to  societal  safety,  economic  activities,  and  public
well-being.  Ensuring  power  system  stability  has  thus  become  a
crucial challenge for safe operation[10].

Traditional stability analysis methods in power systems primarily
rely  on  stability  mechanism-based  modeling  and  analysis[11–14].  By
simulating  grid  components  and  their  dynamic  behaviors,  these
methods  provide  a  detailed  understanding  of  the  mechanisms
underlying  system  stability,  aiding  in  the  optimization  of  grid
operations and control strategies. However, as operational modes
diversify  and  potential  fault  points  increase,  the  complexity  and
time-varying nature  of  system  dynamics  complicate  these  tradi-
tional approaches.

In  recent  years,  the  rapid  advancement  of  measurement  and

communication technologies within power grids has significantly
improved  data  collection  capabilities[15].  Supervisory  control  and
data acquisition (SCADA) systems now gather extensive historical
measurement data, with provincial grid dispatch centers recording
terabytes of data annually. Meanwhile, phasor measurement units
(PMUs)  and wide  area  measurement  systems (WAMSs)  provide
real-time power system information at high sampling rates[16,17]. In
addition to traditional measurement devices, the global deployment
of various smart meters and wireless sensor networks (WSNs) has
expanded[18,19]. These technologies contribute both to offline training
data  and  real-time  situational  awareness,  forming  a  robust  data
foundation  for  artificial  intelligence  (AI)-driven  stability  analysis
in power systems.

On  the  other  hand,  artificial  intelligence  methods,  particularly
deep learning (DL)[20], become a focal point in power system stability
analysis  research[19].  DL-based  stability  assessments  utilize  large-
scale electrical datasets and exploit the enhanced feature extraction
capabilities  of  neural  networks.  By  bypassing  the  complexities  of
physical  modeling,  deep  learning  facilitates  stability  analysis  in
highly complex systems[21].

The  advancement  of  these  technologies  establishes  a  solid
foundation  for  integrating  AI  into  power  systems.  AI  enhances
accuracy,  efficiency,  and  operational  effectiveness  while  reducing
human intervention. This paper offers a detailed review of recent
advancements and future directions in AI-driven stability analysis.

The remainder of this paper is structured as follows: Section 1
provides an overview of AI, exploring its necessity and rationale in
stability analysis  through  three  stages:  knowledge  fusion,  discov-
ery,  and  adaptation.  The  following  sections  introduce  the  three
stages of AI integration with stability knowledge: fusion, discovery,
and adaptation.  These  stages  sequentially  achieve  the  characteri-
zation of stability features, the establishment and the evolution of
AI models. Section 2 provides a comprehensive review of the fun- 
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damental principles and application characteristics of AI. Sections
3 and 4 elaborate on the three stages of AI integration, addressing
the  rationale  for  applying  AI,  the  current  state  of  its  application,
and the role AI plays in the establishment and evolution of stability
analysis  models.  Section 5 explores the key challenges and future
directions for AI in this domain. Finally,  Section 6 concludes the
paper.

1    Fundamental principles and application char-
acteristics of AI
In  recent  years,  AI  approaches  have  emerged  as  a  dominant
methodology in scientific research, facilitating the transition from
traditional paradigms  of  theoretical,  experimental,  and  computa-
tional  science  to “data-intensive  science”[22].  The  organization  of
AI, machine learning (ML) and DL is illustrated in Figure 1.
  

Arti�cial intelligence

Machine learning

Deep learning

Figure 1    Organization of artificial intelligence, machine learning and deep
learning concepts.
 

AI aims to enable computers to think, learn, and make decisions
in  a  manner  that  closely  mimics  human  cognitive  processes.  By
harnessing a range of advanced technologies, such as ML, DL, and
expert systems, AI systems can efficiently process and analyze vast
datasets. This capability allows them to autonomously learn from
data, adapt to new information, and optimize algorithms to perform
complex tasks that would otherwise be challenging or impractical
for human operators to handle[23].

ML  refers  to  the  ability  of  computers  to  automatically  detect
patterns and relationships within data through the application of
algorithms, making predictions or decisions based on new, unseen
data without explicit programming[24,25].

DL,  a  subfield  of  ML,  represents  a  significant  advancement  in
the evolution of AI, often referred to as the third wave of AI[20]. By
utilizing  multilayer  neural  networks  and  large-scale  training
datasets, DL  exhibits  powerful  representation  and  learning  capa-
bilities.  DL  has  achieved  remarkable  success  in  various  fields,
including computer vision[26],  speech recognition[27], image classifi-
cation[28], and natural language processing[29].

2    Knowledge fusion  and  stability  feature  char-
acterization

2.1    Necessity and rationality
From  the  perspective  of  knowledge  fusion  and  stability  feature
characterization,  as  the  scale  of  AC-DC  interconnections
expands  and  the  capacity  for  renewable  energy  integration
sharply  increases,  the  dual  high  characteristics  of  the  power
system —namely,  high  proportions  of  renewable  energy  and
power electronic  devices—are becoming increasingly  signifi-

cant.  In such dual  high systems,  different  devices  operate  on
varying time scales. Consequently, establishing a unified char-
acterization  method  for  stability  knowledge  within  multi-
source heterogeneous data becomes difficult.

AI  is  suitable  for  establishing  a  unified  representation  method
for multi-source heterogeneous data through feature engineering.
This  data-driven characterization  process  includes  the  construc-
tion,  reduction,  and  selection  of  stability  features,  aiding  in  the
identification  of  key  information  that  characterizes  the  states  of
power  grids[30].  Additionally,  interpretable  methods  delineate  the
key parameters influencing instability dynamics, allowing modifi-
cations  to  the  parameter  space  defining  the  stability  boundary.
Consequently, the  AI  approach  facilitates  the  adaptive  represen-
tation of high-dimensional parameter spaces in lower-dimensional
forms,  enabling  the  integration  of  multi-source  heterogeneous
grid  dynamics  with  varying  time  scales,  even  without  specific
device parameters.

Data  fusion  and  knowledge  fusion  are  complementary  and
interdependent in stability analysis. Data fusion involves integrating
information from multiple, often heterogeneous sources to create
a more comprehensive and accurate representation of the system.
In  power  systems,  this  typically  includes  combining  electrical
measurements  (e.g.,  voltage,  current,  frequency)  from  sensors
such as PMUs, SCADA systems, and weather stations to provide a
unified  view  of  system  states.  Knowledge  fusion,  on  the  other
hand, integrates domain-specific  knowledge—such  as  physical
laws  and  operator  expertise —with  computational  models,
including machine  learning  algorithms  and  system  simula-
tions.  This  approach  integrates  both  empirical  insights  and
data-driven  models  into  a  unified  framework.  For  example,
incorporating expert knowledge or features derived from physical
principles as model inputs, or adapting the model based on specific
electrical  tasks  (such  as  the  supervised  mapping  of  sample  data
and instability moments in Ref. [31] within an unsupervised data
generation framework),  exemplifies  knowledge  fusion.  By  incor-
porating stability knowledge, AI models can more effectively cap-
ture the dynamic behaviors inherent in real-world power systems.

2.2    Construction of stability knowledge
The  representation  of  stability  knowledge  seeks  to  capture  the
complex dynamic behavior of the power grid effectively. The key
aspects  of  stability  information include load variability,  generator
output  fluctuations,  rotor  angles,  angular  velocities,  accelerations,
kinetic energy, and system topology[32,33]. For instance, Zhou et al.[32]

analyzed the dynamic trajectories  of  all  generators,  incorporating
rotor angles, rotational speeds, and relative electromagnetic power.
Moreover,  statistical  knowledge  is  also  employed  to  achieve
knowledge fusion. For instance, Guo et al.[34] integrated fault prob-
ability  distributions.  In  Ref.  [35],  trajectory  clustering  features
based on post-fault rotor angles were used to represent the transient
responses  in  power  systems.  Similarly,  Frimpong  et  al.[36] con-
structed input features based on the maximum frequency deviations
of each generator, employing the Euclidean norm of these devia-
tions at various time points. A significant advantage of knowledge
fusion  based  on  statistical  features  is  that  the  feature  dimensions
remain independent of the power grid’s size.

Unlike  traditional  temporal  or  frequency  domain  approaches,
Zhang et  al.[37] introduced a distinct  method for feature represen-
tation. This approach uses symbolic strings to describe trajectories
for (fault-on + 2) sequences, enabling the abstraction of sequential
evolution  trends  in  transient  trajectories  through  spectral  word
extraction.  The  frequency  histogram  is  then  converted  into  2-D
image data for input into the assessment model. As shown in Figure
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2(a), different electrical trajectories from generators are represented
statistically  by  various  histograms,  with  all  frequency  values
mapped  to  a  specific  colormap.  By  systematically  integrating  the
pixel vectors from multiple generators, a unified 2-D image is cre-

ated, depicting system-wide transients, as demonstrated in Figure
2(b).  The  resulting  2-D  image  features  relatively  sparse  pixel
patches,  reflecting the brief durations of the (fault-on + 2) trajec-
tories, which limit the spectral evolution to a narrow range[37].
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Figure 2    A 2-D graphical representation of transient trajectories. Reprinted with permission from Ref. [37], © 2020, IEEE.
 

Moreover,  as  presented  in  Ref.  [38],  each  sample  in  the
database  comprises  input  data  including  voltage  magnitude  time
series V, active power injection time series P, reactive power injec-
tion  time  series Q,  and  topology W.  The  topology  matrix W is
specifically formed from a node admittance matrix, reflecting the
electrical  coupling  between  power  transmission  lines,  which  is
essential  for  understanding  short-term  voltage  stability  (SVS)
dynamics.  As shown in Figure 3,  this method first applies a time
series shapelet transform to convert the post-fault time series into
a  set  of  flattened  features.  Following  this,  a  graph  convolutional
network (GCN) is utilized to merge these features with the topology
data.  By  effectively  capturing  the  spatial  and  temporal  aspects  of
SVS dynamics,  this  approach  enhances  the  accuracy  of  assess-
ments,  while  integrating  topological  information  increases  its
robustness to changes in system topology[38].

2.3    Source of stability knowledge
AI-driven  stability  analysis  models  learn  from  vast  amounts  of

data, sourced  from  three  main  components:  historical  informa-
tion,  time-domain  simulations,  and  generation  techniques.  The
extensive deployment of WAMS has enabled the direct utilization
of  large-scale  electrical  data  for  model  training[39]. However,  his-
torical records  of  power  system  operations  present  certain  chal-
lenges,  particularly  the lack of  instability  samples[40].  Therefore,  in
the absence of sufficient original and simulated data, data generation
techniques have been developed to enhance stability knowledge.

2.4    Supplement of stability knowledge
To enhance stability knowledge, various generation techniques are
employed, including interpolation methods based on existing data
and  generative  models  that  leverage  the  statistical  distribution  of
the original dataset.

Interpolation methods,  such  as  the  synthetic  minority  over-
sampling technique (SMOTE)[41] and adaptive  synthetic  sampling
(ADASYN)[40] , are employed to oversample electrical samples. For
example,  a  hybrid  approach  combining  k-means  clustering  with
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SMOTE  has  been  proposed  to  increase  the  representation  of
instability  samples[41].  However,  these  interpolation-based tech-
niques  often  struggle  to  capture  the  inherent  nonlinearity
of  power  systems,  which  may  lead  to  overfitting  in  data-driven
models [42].

Generative  models,  particularly  those  employing  generative
adversarial  networks  (GANs)[43–47], have  gained  widespread  adop-
tion. For example, Yan et al.[44] proposed a GAN search algorithm
that  automatically  identifies  the  optimal  GAN  architecture  for
more  efficiently  learning  underlying  data  distributions.  Similarly,
Yan et al.[45] introduced a semantic-guided contrastive network to
enhance GAN adaptability in handling previously unseen scenar-
ios. The self-attention GAN (SAGAN)[43] incorporates an attention
mechanism  to  model  long-range  dependencie,  while  Ouyang  et
al.[46] modifies  the  wasserstein  GAN  (WGAN)[48] to  accelerate
training  and  improve  performance.  Additionally,  Shao  et  al.[49]

integrated  attention  mechanisms  and  spectral  normalization  to
enhance  training  stability.  Moreover,  Ren  and  Xu[50] leveraged
GANs to learn the complex distribution of pre-fault data, signifi-
cantly improving the model’s  ability to detect  instability samples.
Liu et al.[51] utilized an auxiliary classifier GAN (ACGAN) to learn
the boundary distribution of small sample sets, generating diverse
samples through supervised learning attributes.  In another study,
Li et al.[52] applied deep convolutional GANs (DCGAN) to generate
additional  instability  samples  and employed CNN to capture  the
nonlinear  relationship  between  disturbance  features  and  stability
categories. Additionally, Zhu and Hill[53] proposed a recurrent gen-
erative  adversarial  network  to  address  challenges  related  to  small
sample  sizes  and  class  imbalances  in  historical  datasets.  Gan  et
al.[54] presented a transformer-based data augmentation techniques
for transient simulation of power systems, integrating swap noise
and random masking mechanisms.

When using GANs to generate unstable samples, a straightfor-
ward  approach  is  to  directly  use  observed  unstable  samples  as
input  data  for  model  training[31].  Another  effective  strategy  is  to
employ  conditional  generative  adversarial  networks  (CGANs),
where the model is conditioned on the instability status (stable or
unstable)  of  the  samples[55].  This  allows  the  CGAN to  specifically
generate unstable samples while ensuring their diversity and rep-
resentativeness of real-world instability scenarios.

Given that samples near the stability boundary have the greatest
impact  on  classification  performance,  the  GAN  model  can  be
adapted  to  generate  samples  distributed  around  this  boundary.
One  approach  to  achieve  this  is  by  incorporating  a  supervised
model,  as  demonstrated  in  Ref.  [31],  into  an  unsupervised  GAN
structure.  This  supervised  mapping  models  the  relationship
between the generated samples and their proximity to the stability
boundary. By integrating this mapping into the GAN’s loss func-
tion, the model can prioritize generating samples near the bound-
ary. Alternatively, this relationship can be treated as a conditioning
factor  within  a  CGAN,  where  the  model  is  conditioned  on  the
distance  between  generated  samples  and  the  stability  boundary,
ensuring that the generated samples are more relevant for stability
analysis[52].

As shown in Figure 4, a cross-modal generative adversarial net-
work (cGAN) model is introduced, featuring two spatial-temporal
transformer models. This setup is designed to optimize the use of
multi-modal  data  and  enhance  scenario  data  quality.  In  this
framework,  the generation of  scenarios is  treated as  a  probability
approximation  problem.  A  structure  for  cross-modal  scenario
generation processes various observational data. Theoretically, this
method enables the creation of an unlimited number of uncertain

scenarios through repeated random noise sampling. Furthermore,
a  technique  for  cross-modal  data  fusion  combines  graph  data
from  GPS  with  time-series  power  output  data  using  the  spatio-
temporal  transformer.  As  shown  in Figure  4,  the  generator
receives graph data, Gaussian noise samples, and real scenarios as
inputs, resulting in the output of generated scenarios[56].

3    Knowledge discovery and model establishment

3.1    Necessity and rationality
From the  perspective  of  knowledge  discovery  and  model  estab-
lishment, the interaction among various types of power electronic
devices in modern power systems, along with the strong nonlinear
dynamics between devices and networks, as well as the randomness
and  volatility  of  renewable  energy  output,  lead  to  the  transient
response characterized by strong coupling and uncertainty. Addi-
tionally, the mutual influence of transient responses at electrome-
chanical and  electromagnetic  time  scales  complicates  the  estab-
lishment  of  a  mathematical  model  for  power  system  transient
responses.

AI methods serve as powerful tools for data analysis and min-
ing, enabling the efficient modeling high-dimensional representa-
tions of actual power systems based on extensive data. Moreover,
a significant advantage of training AI models is the elimination of
the need to solve complex differential-algebraic equations, allowing
stability  results  to  be  derived  through  a  single  forward  algebraic
calculation.  This  capability  is  crucial  for  meeting  the  real-time
demands of online assessments.

3.2    Knowledge  discovery  through  different  algorithmic  app-
roaches
In  the  domain  of  power  systems,  various  assessment  tasks  exist,
including fault location[57], fault diagnosis[58,59], and fault cause iden-
tification[60]. For different tasks in stability analysis, machine learning
modeling  methods  can  be  categorized  into  three  primary  types:
supervised  learning,  unsupervised  learning,  and  reinforcement
learning, as illustrated in Figure 5. Although tasks such as angle,
voltage, and frequency stability have distinct inputs and out-
puts,  they  often  share  a  common  AI  framework.  The  core
objective  across  these  tasks  is  to  extract  and  learn  patterns
from system  dynamics.  For  instance,  in  stability  determina-
tion,  despite  variations  in  data  and  outputs,  the  supervised
learning  process —encompassing  data  preparation,  model
selection, and training—remains fundamentally consistent.

(1)  Supervised  Learning:  Supervised  learning  utilizes  labeled
training  data  to  develop  models  that  define  the  relationship
between  input  features  and  corresponding  target  outputs.  This
method  is  widely  applied  in  classification  and  regression  tasks.
Classification  models  are  used  to  determine  system  stability[61,62]

and identify unstable units[63,64]. For instance, Shi et al.[62] proposed a
three-class classification algorithm that distinguishes between two
instability  modes:  aperiodic  instability  and  oscillatory  instability.
On the other hand, regression models are often employed to predict
stability margins[65–68]. For example, the adaptive neuro-fuzzy infer-
ence  system  (ANFIS)[67] and  extreme  learning  machine  (ELM)[68]

have  been  utilized  to  evaluate  online  critical  clearing  times,
accounting for  variations  in  load levels  and fault  locations  across
buses and transmission lines.

As illustrated in Figure 6,  two supervised models  were trained
in  Ref.  [69]  to  achieve  transient  stability  assessment  (TSA)  and
critical  generator  identification  (CGI).  A  database  was  prepared
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for both TSA and CGI model development, and during the sample
preparation phase, each sample needed to be labeled according to
the  specific  task.  The  internal  parameters  of  the  two  supervised
classification models  are  not  shared  and  are  trained  indepen-
dently.  In  the  online  phase,  once  the  output  of  the  TSA  model
meets a certain threshold, real-time PMU data is sent to the second
model  for  critical  generator  assessment.  It  is  important  to  note

that the labeling process for samples can be time-consuming and
may  not  always  be  entirely  accurate.  Therefore,  existing
approaches have leveraged semi-supervised models,  such as deep
belief networks (DBN), to reduce the reliance on labeled samples
in intelligent algorithms.

(2)  Unsupervised  learning:  Unsupervised  learning  focuses  on
analyzing  and  clustering  unlabeled  training  data  to  uncover
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underlying  structures  and  patterns.  Common  algorithms  in  this
domain  include  clustering  techniques  such  as  K-means[41] and
hierarchical  clustering[70],  as  well  as  dimensionality  reduction
methods  like  principal  component  analysis  (PCA)  and  factor
analysis[71].  Notably,  generative  algorithms  ,  including  variational
autoencoders (VAE)[72], generative adversarial networks (GANs)[50]

and  denoising  diffusion  probabilistic  models[73,74],  are  extensively
employed  in  power  systems.  These  methods  leverage  historical
data  to  generate  synthetic  electrical  samples  tailored  to  specific
requirements,  thereby  addressing  sample  distribution  imbalances
commonly encountered in power system data.

Figure 7 presents a deep autoencoder (DAE) designed for sce-
nario  clustering.  To  achieve  simultaneous  feature  representation
and  cluster  assignment,  a  Kullback–Leibler  divergence  (KLD)-
based clustering module is incorporated between the convolutional
neural  networks  (CNN) encoder  and decoder.  This  arrangement
enables the  encoder  and  decoder  to  collaboratively  extract  com-
prehensive  feature  representations  from  large  data  matrices  of
cases  in  an  unsupervised  manner.  The  integration  of  the  KLD-
based clustering module establishes a pathway for effective cluster

assignment[75].
Figure 8 illustrates a two-stage clustering algorithm proposed in

Ref.  [76].  The  training  dataset  encompasses  operating  scenarios
characterized by  considerable  variability,  primarily  due  to  topo-
logical changes  and  fluctuations  in  generation  and  load.  To  sys-
tematically categorize these complex scenarios into coherent clus-
ters,  a  two-step  methodology  is  employed.  In  the  initial  stage,
clustering is performed on the topological features,  followed by a
second  stage  focusing  on  clustering  additional  relevant  features.
This  comprehensive  approach  yields  multiple  clustered  datasets,
with each dataset comprising operating scenarios that exhibit sim-
ilar distributional characteristics, thereby facilitating more effective
analysis and interpretation[76].

(3)  Reinforcement  learning:  Reinforcement  learning  (RL)  is  a
dynamic  machine  learning  approach  that  emphasizes  learning
optimal behavioral strategies through continuous interaction with
an  environment[77].  Unlike  supervised  and  unsupervised  learning,
where models are trained on fixed datasets, RL is typically framed
as  a  Markov  decision  process.  In  this  framework,  an  agent
explores  and  learns  from  the  consequences  of  its  actions.  The
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agent observes the current state of the environment, selects actions
based on its policy, and receives feedback in the form of rewards
or penalties. This feedback mechanism allows the agent to iteratively
improve its strategy, ultimately converging on a policy that maxi-
mizes cumulative rewards within a given context.

Figure  9 introduces  a  multi-agent  reinforcement  learning
(MARL)  method  known  as  shapley  Q-value  deep  deterministic
policy gradient (SQDDPG). In this approach, the shapley Q-value
is adapted for credit assignment, functioning as a payoff distribution
mechanism in RL. The method utilizes the traditional deep deter-
ministic policy gradient (DDPG) algorithm to facilitate the learning
of  decentralized  policies  and  centralized  critics,  thereby  ensuring
privacy  preservation  during  MARL  policy  updates.  Overall,  the
SQDDPG method effectively  integrates  the  shapley Q-value with
the DDPG algorithm to accurately assess each agent’s contribution
to  the  system’s  resilience  while  accommodating  continuous  state
and  action  spaces.  The  coordination  challenge  is  framed  as  a
decentralized partially  observable  Markov decision process  (Dec-
POMDP), enabling the representation of diverse system dynamics
and uncertainties[78].

As  illustrated  in Figure  10,  this  study  presents  an  innovative
multi-task RL approach designed for concurrent learning of mul-
tiple tasks. In contrast to traditional methods that indiscriminately
share parameters across tasks, the proposed framework employs a
selective  feature  extraction  mechanism  for  each  transmission
interface task, utilizing an attribution-based methodology. A multi-
task  attribution  map  (MAM)  is  developed  to  explicitly  delineate
the  influence  of  various  power  system  nodes  on  each  respective
task.

In detail,  as outlined in Ref.  [79],  the approach initiates with a
graph convolutional network that captures node features pertinent
to  the  operational  state  of  the  power  system.  Concurrently,  task
representations  are  derived  through  a  common  task  encoder,
facilitating the identification of  inter-task relationships.  Each task
representation functions as a query to compute node-level attention
weights, culminating in the creation of a task-adaptive attribution
map. This map enables the model to selectively integrate relevant
node  features,  thereby  yielding  a  compact  representation  of  the
state. Ultimately,  a  dueling  deep  Q  network  is  employed  to  for-
mulate  the  reinforcement  learning  policy,  enhancing  the  efficacy
of the multi-task learning process[79].

3.3    Knowledge discovery for extracting critical information
The key to model establishment lies in extracting the most relevant
and valuable stability knowledge from the power system. By map-
ping complex raw information to a lower-dimensional space, this
process significantly improves calculation efficiency,  alleviates the
sparsity problem, and enables the effective fusion of heterogeneous
information.

AI-based stability  analysis  identifies  key characteristics  by ana-
lyzing observable electrical data, such as current and voltage from
PMU measurements.  In characteristics  selection,  statistical  meth-
ods,  like  Relief-based  approaches,  assess  feature  importance  by
comparing values between similar and dissimilar samples, assigning
higher weights to discriminative features[80]. Deep neural networks,
using backpropagation and gradient-based attention mechanisms,
automatically  identify  important  features  by  quantifying  output
sensitivity to specific inputs[64].

Moreover,  feature  selection  can  also  be  approached  from  a
power  system  modeling  perspective.  For  instance,  Xie  et  al.[81]

identified  stability  through  the  equivalent  one-machine  virtual
power-angle  characteristics  of  generator  pairs  based  on  rotor
acceleration  equations.  Zheng  et  al.[82] investigated the  spatiotem-
poral  distribution  of  node  voltage  magnitudes  and  phases  in  the
network, as well as power transmission characteristics, and intro-
duced  a  transmission  capability  index  to  characterize  transient
power angle stability. Additionally, Wang et al.[83] detected transient
angle  instability  by  examining  generator  speed  trajectories,  while
Ma  et  al.[84] used  the  extended  phase  plane,  combining  angular
velocity and acceleration for a more comprehensive TSA analysis.

Physical-based  feature  selection  relies  on  fundamental  system
principles like rotor dynamics and power flow equations, offering
clear interpretability. However, it requires detailed system models
and  accurate  parameters,  which  can  be  challenging  in  complex
systems. In contrast, AI-based techniques excel in handling large-
scale,  heterogeneous  data,  accommodating  diverse  scenarios  and
incomplete  information,  but  their  performance  depends  heavily
on  data  quality,  risking  overfitting  and  reduced  generalizability.
From  the  perspective  of  AI-based  extraction  methods,  it  can  be
categorized  into  feature  engineering-based and  gradient  opti-
mization-based techniques.

(1)  Feature  engineering-based  knowledge  discovery： This
approach focuses on extracting relevant features to enhance model
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performance  and  interpretability.  Techniques  such  as  PCA  are
utilized  to  extract  key  features,  simplifying  algorithmic  com-
plexity[85].  In Ref.  [80],  a Relief-based approach was introduced to
evaluate  the  importance  of  time-series  features,  leading  to  the
establishment  of  an  optimal  PMU  clustering  model  for  selecting
the most critical  feature subset.  Zhang et  al.[86] proposed a feature
selection  algorithm  that  combines  random  forests  with  recursive

feature elimination. In Ref. [72], feature selection was based on the
correlation  between  time  and  frequency  features,  effectively
extracting key feature subsets close to the decision boundary.

(2)  Gradient  optimization-based  knowledge  discovery:  Deep
learning algorithms inherently combine representation and learn-
ing,  enabling  the  discovery  of  grid  knowledge  through  gradient
changes during model backpropagation. For example, Sun et al.[87]
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employed  a  deep  autoencoder  to  transform  raw  state  variables,
such as power flow, into a lower-dimensional space, establishing a
framework for efficient transient stability feature extraction. Wu et
al.[88] utilized  gradients  obtained  through  backpropagation  to
extract higher-order features. Furthermore, Tan et al.[89] integrated

a  convolutional  structure  into  the  last  hidden  layer  of  a  stacked
autoencoder (SAE) framework, enhancing the extraction of stability
knowledge. As illustrated in Figure 11, a typical end-to-end struc-
ture incorporates  interpretability  based  on  an  attention  mecha-
nism.
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3.3.1    Temporal information extraction

⩾

The  relationship  between  time  expression  and  time  series,
encompassing both absolute and relative time series, is utilized to
extract  temporal  knowledge  from  power  grid  signals.  Temporal
features  capture  the  dynamic  behavior  of  power  systems,  often
structured as an n×T feature map, where n represents the selected
key  variables  (e.g.,  voltage,  current,  or  power)  and T denotes  the
chosen time steps.  In TSA, the time scale T is  defined in various
ways.  One  approach  focuses  solely  on  data  after  fault  clearance
(T 1),  reflecting  the  system’s  deceleration  area  at  that  point[64,90];
Another  approach  extends  the  time  scale  by  incorporating  fault-
on  information,  including  transient  fault-on  trajectories  and  two
adjacent sampling points from the pre- and post-fault  stages,  i.e.,
fault-on  +2  trajectories,  enabling  faster  online  stability  assess-
ment[37].

As  demonstrated  in  Ref.  [91],  shapelets  are  subsequences  that

capture unique characteristics of  time series data. Figure 12 illus-
trates  a  time  series  extraction  algorithm  that  extracts  shapelets,
which serve as distinctive features of electrical variable sequences.
Figure 12(a) shows the closest  match between a shapelet  and the
temporal sequences. Figure 12(c) presents the distance calculation
from the sequence to the shapelet, which can be transformed into
a  sequence  projection  in  two-dimensional  space,  referred  to  as
shapelet transform[91].

With the development of AI, as illustrated in Figure 13, various
DL-based temporal information extraction algorithms are built to
maintain  the  temporal  correlation  through  distinct  structural
approaches. Long short-term memory (LSTM), CNNs, and atten-
tion modules each possess unique approaches to retaining temporal
information.  LSTM networks  are  specifically  designed to  capture
long-range dependencies in sequential data through their internal
memory cell structure, which allows them to store and selectively
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retrieve relevant  information across  time steps.  CNNs,  while  pri-
marily  known for  their  spatial  feature  extraction  capabilities,  can
also  preserve  temporal  information  by  utilizing  convolutions
along time series data, enabling the identification of local patterns
over time through their hierarchical layer structure. On the other
hand,  attention  mechanisms  enhance  temporal  information
retention  by  dynamically  weighting  the  importance  of  different
time steps in the input sequence, allowing the model to focus on
relevant parts of the data while ignoring less significant elements.
Together,  these  techniques  provide  complementary  strengths  in
handling  sequential  data,  improving  the  overall  performance  of
models in tasks requiring an understanding of temporal dynamics.

For instance, Gupta et al.[92] introduced a CNN-based continuous
monitoring system that uses a sliding window to monitor voltage
curves, continuously updating stability predictions. Similarly, Fang
et al.[64] developed an online monitoring system for TSA that utilizes
the  self-attention  mechanism  in  the  transformer  architecture,
enhancing the model’s capacity to capture time-series information
through its  global  receptive  field,  with  temporal  knowledge  pre-
served  via  position  embedding.  Given  the  time  correlation  of
dynamic information in power systems, recurrent neural networks
(RNNs)  are  frequently  employed  to  restore  spatiotemporal  data.
James et al.[93] and Tan et al.[80] directly input post-fault time-series
data  into  long  short-term  memory  (LSTM)  networks,  achieving
high accuracy in predicting transient stability. Additionally, Yu et
al.[94] proposed  a  gated  recurrent  units  (GRUs)-based  framework
for delay-aware synchrophasor recovery and prediction, addressing
the  impact  of  missing  state  variables  due  to  communication
latency.  LSTMs,  as  demonstrated  in  Ref.  [95],  also  exhibit  high
performance in predicting missing data in power grids.

3.3.2    Spatial information extraction

Power  grid  data  exhibits  distinct  spatial  characteristics,  and  the
topology of power systems often changes during operation, neces-
sitating  models  capable  of  adapting  to  these  evolving  conditions.
Graph  neural  networks  (GNNs)  have  emerged  as  a  promising
solution  for  such  dynamic  environments,  as  they  can  effectively
capture  both  node  features  and  topological  information.  For
instance, Gu et al.[96] developed a GNN-based model that integrates

bus  characteristics  with  the  topological  connections  within  the
power network. Recent studies have also explored the application
of CNNs to graph-structured data. In works such as Refs. [97] and
[98],  both  spatial  and  spectral  graph  convolutional  layers  were
incorporated,  enhancing  the  learning  of  stability  knowledge  by
leveraging the  spatial  relationships  inherent  in  power  grid  topol-
ogy.  However,  the  reliance  on  detailed  topological  information
increases  complexity  and  computational  demands,  requiring
extensive preprocessing of the grid’s structure to establish effective
AI models. Pei et al.[99] proposed a multi-task learning scheme for
the  joint  optimization  of  control  policies  in  distribution  system
voltage  regulation,  considering  topology  changes.  In  this
approach,  the  system  topology  is  incorporated  as  an  additional
state within the reinforcement learning framework.

Figure  14 illustrates  a  grid  structure  represented  through  an
adjacency  matrix-based  graph,  which  showcases  system-wide
voltage  values  from various  bus  trajectories  at  three  distinct  time
points  (t =  0,  0.25,  and  0.5  s).  Each  graph  corresponds  to  these
moments,  using different  colors  to  represent  voltage  levels  at  the
respective buses,  thereby depicting the voltage distribution across
the grid. By feeding this graph data into a GCN, the model learns
spatial  features  associated  with  voltage  distributions  throughout
the  network.  This  method  effectively  accounts  for  the  non-
Euclidean characteristics of the power grid and captures the tem-
poral dynamics during voltage stability scenarios[100].

3.3.3    Stability region extraction

The transient stability  region encompasses the entire set  of  oper-
ating points within the power injection space that ensure transient
stability before a disturbance occurs. The relationship between the
system’s  operating  point  and  the  boundary  of  stability  regions
offers critical insights into stability margins (SMs)[101]. For example,
transient SM can be efficiently estimated using polynomial-based
nonlinear  transformations  and  kernel  ridge  regression[102]. Simi-
larly, a multi-step Lasso regression approach for estimating SMs is
presented  in  Ref.  [103].  However,  these  methods  are  event-spe-
cific, limiting  their  adaptability  to  new  transient  events.  In  con-
trast, a hybrid data-driven approach proposed in Ref. [104] allows
for  fast  approximation  of  the  practical  dynamic  security  region
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(PDSR)  boundary  using  a  hyperplane  expression.  This  approach
first applies the relief algorithm to analyze operating point data in
the  high-dimensional nodal  injection  space,  identifying  key  gen-
erators  whose  active  output  significantly  impacts  transient  angle
stability.  Next,  the  orthogonal  point  selection  method  is  used  to
determine the equivalent search space and critical points.

Research in Ref.  [105] demonstrates that the gradient-building
process  of  AI  models  focuses  on  information  pertaining  to  the
stability  boundary.  Consequently,  constructing  a  dataset  that
accurately represents this boundary is essential for improving the
model’s  capacity  to  learn  stability  knowledge.  Searching  for  the
boundary  characteristics  of  the  stability  region  is  crucial  for  its
construction.  For  instance,  Fang  et  al.[31] proposed  a  GAN-based
model to generate instability samples, where a CNN-based super-
vised  model  guides  the  GAN  in  producing  samples  close  to  the
boundary. The iterative binary sampling (BS) method described in
Ref.  [106]  increased  the  density  of  samples  near  the  stability
boundary.  In  Ref.  [107],  a  sampling  strategy  based  on  decision
trees was developed, utilizing importance sampling algorithms to
identify  high-information  regions  within  the  multi-dimensional
operational  parameter  space.  Similarly,  Thams  et  al.[108] effectively
reducing the search space and simulation time through paralleliz-
able algorithms.

3.4    Knowledge discovery from interpretability perspective
Interpretability  is  a  critical  aspect  of  knowledge  discovery,  as  it
allows  for  the  identification  of  features  that  are  most  relevant  to
stability tasks. One of the primary ways to ensure the credibility of
AI results is through the application of explainable AI techniques.
These methods enhance the transparency of AI models,  enabling
stakeholders to understand the rationale behind the model’s pre-
dictions.  In  the  context  of  power  system  stability  analysis,  this

means  providing  clear  and  actionable  explanations  for  how  key
input features,  such  as  voltage  levels,  frequency,  and  fault  condi-
tions,  influence the model’s  output.  Interpretability  in AI models
generally stems from two main approaches: model-agnostic inter-
pretability and model-based interpretability.

Model-agnostic  interpretability  is  independent  of  the  specific
architecture  of  AI  models.  For  instance,  Wu  et  al.[88] proposed  a
local linear interpreter (LLI) to examine the relationship between
grid  features  and  output  results.  Additionally,  Lan  et  al.[109] intro-
duced the shapley additive explanations (SHAP) algorithm, which
quantifies the impact of features on predictions, thereby enhancing
interpretability  in  the  imbalance-XGBoost algorithm.  Further-
more,  Tan  et  al.[110] developed  the  gradient  SHAP  algorithm  to
offer both global and local explanations for probabilistic models.

Figure  15 presents  a  first-order  sensitivity  analysis  of  control
variables aimed at assessing post hoc interpretability. This type of
interpretability, referred to as result-based interpretability, assesses
the  model’s  interpretability  regarding  its  internal  mechanisms
after training is complete. It maintains the model’s structure and is
inherently  model-agnostic.  The  analysis  accounts  for  changes  in
steady states occurring before and after disturbances. As shown in
Figure 15, the sensitivity of the model objective is  evaluated con-
cerning  the  active  power  outputs  from  the  five  most  significant
generators.  The  findings  from  this  interpretability  analysis  can
inform  practical  operations  and  control  strategies  within  power
systems, thereby enhancing the utility of the proposed AI model[76].

In  contrast,  model-based  interpretability  focuses  on  analyzing
the  internal  parameters  of  the  model.  For  example,  Zeiler  and
Fergus[111] employed  deconvolution  techniques  to  visualize  the
functions  of  intermediate  feature  layers  and  the  operation  of  the
classifier.  Similarly,  Simonyan  et  al.[112] and  Sundararajan  et  al.[113]

utilized input  layer  gradients  to  indicate  the  importance  of  input
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features, thereby providing interpretability from the perspective of
input dimensions. Moreover, Zhou et al.[114] applied class activation
mapping  (CAM)  to  create  a  general  local  deep  representation,
revealing the implicit focus of CNN through activation mappings.
Additionally,  Fang  et  al.[115] visualized  the  attention  of  different
nodes  using  an  attention  mechanism.  Furthermore,  Fang  et  al.[57]

leveraged class activation maps and attention maps to demonstrate
the  robustness  of  the  proposed  structure.  Chattopadhay  et  al.[116]

advanced CAM with Grad-CAM++, which uses a weighted com-
bination of positive partial derivatives from the last convolutional
layer’s feature map to generate visual explanations for class labels.
Collectively,  these  methods  enhance  interpretability  by  analyzing
internal  parameters  and  activation  mappings,  enabling  users  to
gain insights into the decision-making processes of the model.

Figure 16 presents the interpretability of two algorithm compo-
nents: CAM for the CNN and the attention distribution from the
non-local module. These visualizations indicate that the proposed
model  can  effectively  disregard  consecutive  signal  errors  while
concentrating  on  valid  information,  highlighting  its  robustness
and practical applicability.

The CAM generated from the GAP layer enhances classification
explainability by  identifying  important  regions  in  the  input  sig-
nals,  with  darker  areas  indicating  higher  importance.  In  the  first
scenario, valid input signals reveal two critical regions that signifi-
cantly  contribute  to  classification.  To  assess  robustness,  invalid
data were added to the important regions of the voltage signal in
Figures 16(b) and 16(c). This led the model to shift focus to unaf-
fected areas, demonstrating its capacity to maintain robustness by
adaptively selecting valid data. The attention maps from the non-
local layer further illustrate this behavior, showing that the model
effectively neglects error-affected parts while concentrating on rel-
evant sections of the signal[57].

4    Knowledge adaptation and model evolution

4.1    Necessity and rationality
From the perspective of knowledge adaptation and model evolu-
tion,  the  spatial  and  temporal  distribution  of  renewable  energy
output,  fault  patterns,  and  control  switching  of  power  electronic
devices  can  significantly  alter  the  typical  operating  range  of  the
system.  Time-domain  simulations  rely  on  calculations  based  on
predetermined disturbances or expected fault scenarios. However,
the differentiated operational modes resulting from the dual high

characteristics  may  lead  to  misalignments  in  stability  analysis
derived from these simulations. In this context, both the system’s
topological structure and data distribution are critical  to the gen-
eralization of stability analysis. The system’s topology influences
power  flow  and  fault  propagation,  while  data  distribution
variations—such as seasonal changes in wind turbine output
or  class  imbalances —affect  the  model’s  generalization  ability.
These factors are captured by probabilistic mappings,  which rep-
resent  the  likelihood  of  outcomes  based  on  observed  data.  To
address  these  challenges,  adaptive  updating  methods  should  be
employed to refine these mappings, enabling the model to gener-
alize  more  effectively  to  new,  unseen  scenarios  and  ensuring
robust stability assessments across diverse conditions.

AI models can effectively capture differences in data distributions
under  varying  operating  conditions.  By  fine-tuning  knowledge
from the source domain to the target domain, knowledge transfer
can occur between different operational spaces and mapping rela-
tionships  in  power  systems.  This  process  enhances  the  model’s
generalization  ability  at  new  operating  points,  ensuring  robust
performance amid continuously changing system states.  Further-
more,  incorporating  reinforcement  learning  allows  the  model  to
optimize strategies and self-correct based on evolving system con-
ditions.  In the face of  complex faults  and uncertain disturbances,
reinforcement  learning can adjust  model  parameters  in  real-time
based  on  feedback,  facilitating  dynamic  adaptation  to  transient
stability states[117–119].

Given  the  variations  in  voltage  levels,  network  characteristics,
and power  grid  components  across  different  systems,  knowledge
adaptation  is  crucial  for  establishing  a  unified  representation  of
diverse power grid scenarios. This process enhances model gener-
alization across various tasks and datasets.

4.2    Knowledge adaptation based on ensemble learning
Ensemble learning seeks to capitalize on the strengths of individual
models,  thereby  enhancing  adaptability  across  various  tasks.  For
instance, Li et al.[120] and Chen et al.[121] applied ensemble learning to
pre-fault  dynamic  security  assessment,  resulting  in  improved
model reliability. In Ref. [121], performance was further enhanced
by  assigning  greater  weights  to  critical  samples,  allowing  the
model  to  concentrate  on  the  most  significant  data  points.  To
address  data  delays,  Yu  et  al.[122] utilized  a  large  LSTM  for  initial
evaluations alongside an ensemble of smaller LSTM blocks. Zhang
et al.[123,124] proposed ensemble models based on different PMU sets
to sustain performance in the event of data loss. Additionally, Tan
et  al.[80] developed  a  PMU  clustering  method  that  accounted  for
feature  importance.  However,  despite  these  benefits,  ensemble
learning  approaches  can  be  computationally  intensive  and  time-
consuming, complicating the implementation of machine learning
models in real-time power system applications.

For  example,  Shen  et  al.[91] introduces  an  ensemble  bagging
classifier  that  operates  across  multiple  time  scales  to  effectively
balance classification errors and enhance the system performance.
Figure  17 depicts  the  processes  involved  in  offline  training  and
online  testing  for  this  multi-time-scale  classifier.  Initially,  several
base  learners  are  developed.  During  the  prediction  phase,  each
base  learner  produces  a  probability  vector,  with  each  element
indicating  the  likelihood  of  a  specific  category.  The  average  of
these  probability  vectors  is  then  calculated.  Once  the  predictions
for  each  time  scale  are  obtained,  the  final  probability  vector  is
determined  by  the  time  scale  selections  made  by  the  prediction
algorithm. The ultimate outcome is generated through a weighted
voting process applied to these predictions[91].
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4.3    Knowledge adaptation based on data recovery

The structural characteristics of wireless sensor networks can lead
to various issues,  including sensor failures,  noise,  PMU malfunc-
tions, random data loss, and communication failures, resulting in

incomplete  measurement  data[125,126].  In  the  daily  operations  of
China’s power  grid,  approximately  10%  to  30%  of  PMU  mea-
surement data is reported as abnormal or missing[125], significantly
undermining the reliability of AI models in online applications[80].

In  power  systems,  measurement  and  transmission  noise  can
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interfere with data, adversely affecting the accuracy of AI models.
To  tackle  this  challenge,  an  adaptive  data  recovery  model
(ADRM) is introduced, which aims to restore noisy data to a low-
noise state, independent of the noise distribution, thereby reducing
its influence on TSA. As shown in Figure 18, the original dataset
consists  of  simulation  and  historical  operational  data,  which  are
used to train TSA classifiers. Each dataset D1 to Dn, contaminated
by different white Gaussian noises (WGNs), is employed to train
distinct  stacked  denoising  autoencoder  (SDAE)-based  targeted
recovery models (TRMs). Additionally, a noise recognition model
(NRM) is trained on data affected by all expected noise distributions
D1 to Dn. Upon receiving noisy data, the n TRMs generate n separate
recovered  datasets D1 to Dn, while  the  NRM  provides  a  corre-
sponding  set  of  weight  values.  The  final  recovered  dataset Dw is
then  computed  by  applying  these  weights  to  the  recovered  data,
which  is  subsequently  input  into  the  TSA  classifiers  to  yield
assessment results[127].

Moreover,  to  address  the  challenge  of  missing  knowledge
caused by  incomplete  data,  advanced  matrix  optimization  tech-
niques that leverage spatiotemporal low-rank properties have been
employed[128,129].  The  alternating  direction  method  of  multipliers
(ADMM) has also been applied to address the matrix completion
problem specific to PMU data[130]. Moreover, an efficient algorithm
for  large  matrix  factorization  was  proposed  to  tackle  equivalent
problems[131]. However, these methods often encounter limitations
in real-world applications, as actual conditions may not consistently

meet the minimum measurement requirements[128].
With  the  advent  of  artificial  intelligence  technologies,  deep

learning-based  data  completion  methods  have  emerged.  For
example,  Miranda et  al.[132] employed autoencoders to reconstruct
missing values by encoding system knowledge within a nonlinear
manifold  defined  by  weights.  Furthermore,  Liao  et  al.[126] and
Goodfellow et al.[133] implemented GANs to minimize distribution
errors between generated and real data. To further exploit the spa-
tiotemporal  correlations  within  power  systems,[115,134] focused  on
capturing  the  authenticity  of  each  pixel  in  feature  maps  while
accounting for value differences, leading to improved reconstruc-
tion performance.

Figure  19 depicts a  case  study  of  a  data  reconstruction  algo-
rithm. This proposed method acts as an initial online data recovery
process  and  can  be  tailored  for  various  tasks  by  modifying
database parameters to suit  specific needs,  such as modifying the
range of  possible  operating  points  and feature  maps.  The  funda-
mental loss function and model structure can remain unchanged
to effectively capture electrical spatio-temporal information across
diverse applications.

Meanwhile,  as  shown  in Figures  19(a)–19(d),  Fang  et  al.[115]

enhances the credibility of the proposed method by incorporating
an  interpretability  module  into  the  algorithm.  The  generated
attention  maps  visualize  the  model  weights  within  the  non-local
layer  of  the  generator,  highlighting  the  model’s strong  recon-
struction performance.  To model  PMU failure  scenarios,  all  data
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from  malfunctioning  PMUs  are  set  to  zero.  The  attention  maps
(Figures  19(c) and 19(d))  depict  the  attention distribution across
two samples experiencing different PMU failures, with the associ-
ated feature maps displayed in Figures 19(a) and 19(b). During the
reconstruction of missing data in a partially observed sample, it is
essential to ignore sequences from malfunctioning PMUs, as they
lack valuable information for reconstruction.  The attention maps
in Figures  19(c) and 19(d) illustrate  the  algorithm’s  ability  to
effectively  disregard  the  sequences  from  malfunctioning  PMUs
while focusing on the valid data[115].

4.4    Knowledge adaptation based on knowledge transfer
Conventional  ML  models  often  perform  well  within  the  specific
domain  or  dataset  on  which  they  were  trained.  However,  when
faced with shifts in task or data distribution, these models typically
necessitate  retraining,  a  process  that  can be  time-consuming and
computationally intensive. This requirement for retraining is par-
ticularly impractical in real-world applications, such as power sys-
tems  or  industrial  monitoring,  where  data  continuously  evolves.
Therefore,  Hu et  al.[135] implemented  a  model  update  mechanism
using the Sliced Cramér Preservation (SCP) algorithm with a deep
residual shrinkage network (DRSN), constructing an SCP-DRSN-

based model. This continuous learning approach allows the model
to  adapt  to  new  data  while  maintaining  performance,  providing
an effective solution for long-term model optimization.

Transfer  learning  (TL)  harnesses  knowledge  from  a  source
domain or task and applies it to a related target domain, facilitating
model adaptation to new tasks with minimal retraining. This ability
to  transfer  learned  representations  across  domains  significantly
enhances  model  efficiency,  particularly  when  labeled  data  in  the
target domain is scarce. In such instances, TL leverages the abun-
dant  labeled  data  from  the  source  domain,  thereby  reducing  the
reliance on extensive labeled datasets in the target domain[136].

By aligning feature distributions between the source Ds and target
domains Dt,  TL  also  alleviates  the  challenges  associated  with
domain shifts that typically hinder the performance of conventional
AI models. Each domain is characterized by a feature space X and
a probability distribution P(X),  represented as Ds={Xs, P(Xs)} and
Dt={Xt, P(Xt)},  respectively.  The  learning  tasks  within  both
domains are  defined  by  a  label  space  and  its  corresponding  pre-
diction function, denoted as T={Y, f }. In this context, TL aims to
enhance the learning of f (·) in Dt using the knowledge in Dt and
Ts 

[137],  as  indicated  in Figure  20.  For  instance,  Ren  et  al.[138] used
transfer  learning  techniques  to  iteratively  minimize  the  marginal
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and conditional  distribution differences  between the  trained data
and unknown data for stability assessment. Hao et al.[139] achieved
feature  adaptation  by  minimizing  the  multi-kernel  maximum
mean  discrepancy  (MK-MMD)  between  domains.  Jiang  et  al.[59]

proposed  a  mechanism-informed  adversarial  transfer  learning
(TL)  approach,  integrated  with  a  domain-adversarial neural  net-
work, which seamlessly incorporates physics-embedded axis orbits
corresponding  to  various  modes  within  the  domain  adaptation
process.
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Figure 20    A typical domain adaption TL model structure.
 

Figure  21 presents  a  bidirectional  active  transfer  learning  (Bi-
ATL) framework as proposed in Ref. [140]. This framework effec-
tively  combines  data  from  both  the  target  and  source  domains.
The Bi-ATL module creates a mixed instance set that incorporates
knowledge from the target domain through forward active learn-
ing,  and  retains  relevant  information  from  the  source  domain
through backward active learning. The purpose of forward active
learning  is  to  identify  the  target  instances  that  are  most  valuable
for  labeling,  thereby  improving  performance  compared  to  other
methods. In contrast, backward active learning focuses on selecting
suitable instances from the source domain to virtually expand the
training set,  which reduces  the  need for  extensive  labeling  in  the
target  domain.  Moreover,  the  framework  utilizes  fine-tuning  to
adjust the pre-trained model for new operational conditions, using
the  actively  created  mixed  instance  set  for  enhanced  efficiency
compared to passive fine-tuning approaches. In summary, the Bi-
ATL  framework  integrates  information  from  original  operating
conditions  and  a  limited  number  of  labeled  instances  from  new
conditions to achieve more effective adaptation[140].

Furthermore,  to  overcome  challenges  related  to  data  scarcity
and  enhance  data  generation  efficiency, Figure  22 presents  the
workflow of a feature combination-based TL for data generation.

In Stage I, a GAN is utilized as the pre-trained model, leveraging
the  original  dataset  that  includes  all  features.  Stage  II  focuses  on
selecting  features,  evaluating  their  importance  in  relation  to  the
objectives. Stage III employs model-based transfer learning to create
generative models for the target features. In Stage IV, the outputs
from various models are combined to generate complete samples.
Throughout  the  transfer  learning  process,  the  source  generative
model is fine-tuned using the target dataset to generate state features
associated with the k-th target attribute. This method reduces the
time and resources required to develop a new model from scratch
while  improving  performance  with  limited  training  data.  As  a
result, the model-based transfer learning strategy enables effective
training  with  fewer  target  samples,  while  the  proposed  feature
selection and  integration  process  decreases  computational  com-
plexity[141].

To  address  the  limited  coverage  of  model  adaptation  in  the
context of  domain  adaptation  and  reinforcement  learning,  addi-
tional  transfer  learning  approaches,  such  as  multi-task  learning
(MTL), offer valuable insights. Several studies have demonstrated
the effectiveness  of  MTL  in  power  systems,  particularly  in  opti-
mizing  control  strategies  and  enhancing  task  efficiency.  For
example, Wang et al.[142] introduced the causality-based multi-task
neural network (CMTNN), which incorporates causal relationships
between  tasks  while  minimizing  the  introduction  of  extraneous
information.  This  method  employs  a  mask  layer  after  the  input
layer  to  filter  irrelevant  information on a  task-specific  basis,  thus
ensuring more relevant task learning. Similarly, Ma et al.[143] devel-
oped a multi-task model  aimed at  optimizing emergency control
strategies  for  frequency  regulation  in  receiving-end  power  grids,
significantly improving the online optimization efficiency of control
strategies  and  highlighting  the  potential  of  MTL  in  complex
power system control scenarios. In another approach, Liu et al.[79]

utilized a multi-task attribution map to enable a RL agent to assign
attention  weights  to  different  tasks  based  on  the  power  system
nodes involved. This allowed the model to address the multi-task
adjustment  problem  effectively  while  achieving  near-optimal
operational  costs.  Furthermore,  Li  et  al.[144] employed a multi-task
learning  model  with  progressive  layered  extraction,  significantly
reducing both training costs and evaluation time, further demon-
strating  the  computational  efficiency  of  MTL  in  power  system
applications.
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5    Future prospects of AI in power systems
Recent  reports  have  highlighted  the  successful  deployment  of  AI
techniques in real-world power systems, with a primary focus on
enhancing  grid  resilience  during  extreme  events  and  enabling
rapid  post-disaster  recovery.  Additionally,  several  regional  grids
have  implemented  real-time  online  power  flow  calculations  with
millisecond-level  accuracy,  dynamic  identification  of  load  and
distributed energy  sources  at  second-level  resolution,  data-driven
transient  voltage  stability  criteria  with  100  ms  response  times,
and stability  margin  estimation that  does  not  rely  on fault  infor-
mation[145].

Despite  recent  advancements,  real-world power  systems,  par-
ticularly  power  distribution  networks  with  large-scale  integration
of distributed energy resources (DERs) such as photovoltaic (PV)
systems, microgrids, and energy storage, continue to face significant
challenges.  These  challenges  stem  from  the  inherent  uncertainty
and dynamic nature of the operating environment, influenced by
factors such as weather conditions, load variations, and equipment
malfunctions,  which  introduce  substantial  uncertainties  affecting
power  flow  and  complicating  stability  assessments.  Additionally,
power  distribution  networks  with  DERs  are  characterized  by
unpredictable topologies,  frequent  reconfigurations,  and  incom-
plete measurement data. Conventional stability assessment meth-
ods struggle to address these issues, as they rely on static topological
models and predefined assumptions about system behavior, limit-
ing their ability to adapt to the real-time changes in topology and
generation-load  variations  that  are  critical  for  accurate  stability
analysis.

Addressing these challenges requires the development of flexible
and  robust  AI  algorithms  to  manage  uncertainty.  As  noted,  this
involves  transfer  learning,  spatiotemporal  feature  extraction,  and
improving online data quality. With power grid data now reaching
terabyte scales, two primary challenges emerge: high-dimensional
features  and  large  datasets.  To  mitigate  these,  AI  methods  use

dimensionality  reduction  techniques  like  autoencoders  and
PCA  to  preserve  critical  information  while  reducing  complexity.
Scalable  algorithms,  such  as  distributed  computing  frameworks
(e.g., Apache Spark), enable efficient data processing across multiple
nodes. Additionally,  online  learning  techniques  allow  for  incre-
mental  model  updates,  eliminating  the  need  for  retraining  on
entire  datasets.  These  strategies  effectively  address  the  challenges
of  high-dimensionality  and  large-scale  data  in  real-time  power
grid monitoring.

Therefore, future research on AI-driven transient stability anal-
ysis in power systems should focus on overcoming these limitations
by  improving  algorithm  robustness,  enhancing  data  quality,  and
addressing the complexities of dynamic real-world environments.

5.1    Knowledge representation of AI-based models
In  high-penetration  AC/DC  power  systems,  the  interactions
among  various  types  of  power  electronic  devices,  along  with  the
multi-scale  nonlinear  dynamics  between  these  devices  and  the
grid,  emphasize  the  multi-time-scale  coupling  characteristics.
Additionally, the inherent randomness and volatility of renewable
energy outputs increase operational uncertainties within the grid.
Moreover,  control  strategies  for  DC  transmission  and  renewable
generation  introduce  significant  discrete  switching  behaviors  in
transient responses. This complexity poses challenges for AI models
in comprehensively  understanding  the  evolving  stability  charac-
teristics  of  the  grids.  As  a  result,  AI  models  often  struggle  to
achieve the comprehensive analysis that is consistent with physics-
based mechanistic models when learning the complex features of
the power grid.

Thus,  it  is  essential  to  explore  methods  that  integrate  physical
and  data-driven AI  approaches,  taking  into  account  the  uncer-
tainties associated with renewable outputs and the intricate opera-
tional  characteristics  of  power  electronic  devices.  Furthermore,
further  research  should  aim  to  construct  a  parameter  space  for
transient  stability  knowledge  in  high-penetration  AC/DC  power
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systems,  effectively  combining  established  rules  and  empirical
insights in power system stability analysis.

5.2    Reduction and solution of AI-based models
The  exponential  growth  in  system  dimensions  poses  significant
challenges for model training. The increasing penetration of various
power  electronic  devices  has  resulted  in  a  substantial  rise  in  the
dimensionality  of  power  system modeling,  leading to  heightened
computational  demands.  Moreover,  the  complexity  involved  in
equivalent  modeling  of  power  electronic  clusters  within  energy
units  and  generation  unit  clusters  in  renewable  energy  stations
further  complicates  this  task.  Consequently,  when  AI  models
attempt  to  reduce  dimensionality  by  mapping  high-dimensional
information to lower dimensions through extensive datasets, they
often encounter difficulties in maintaining the consistency of sta-
bility  characteristics  and  dynamic  trajectories  before  and  after
dimensionality  reduction.  Furthermore,  developing  physics-data
fusion  models  that  balance  simulation  accuracy  and  timeliness
requires further exploration.

To achieve dimension reduction and optimization of AI-based
stability  analysis  models,  it  is  essential  to  analyze  the  intrinsic
mechanisms  of  various  heterogeneous  power  electronic  devices.
This entails establishing evaluation metrics for the spatiotemporal
similarity  of  dynamic  behaviors  within  clusters.  Future  research
should focus on characterizing the dimensionality reduction map-
ping  of  dominant  features  associated  with  transient  instability  in
the  parameter  space.  By  incorporating  these  reduced  mapping
parameters into the loss function and optimization process of AI
models, it  is  possible  to  develop intelligent  algorithms that  adap-
tively reduce features while preserving the structural characteristics
and  stability  features  of  the  high-dimensional  system.  This
approach can alleviate  the  computational  burden associated with
model training.

5.3    Evolution and adaption of AI-based models
The  operation  scenarios  of  high-penetration  renewable  AC/DC
power  systems  are  both  complex  and  variable.  However,  the
internal  parameters  in AI algorithms are  often determined based
on  typical  operating  conditions,  generating  analytical  results  by
training on extensive historical data. This reliance on fixed condi-
tions  poses  challenges  in  ensuring  performance  under  changing
circumstances.

Therefore,  developing  AI  methods  for  transferring  transient
stability  knowledge  tailored  to  the  diverse  operational  modes  is
essential.  This  includes  researching  methods  for  representing  the
transfer  of  operational  information  and  dynamic  responses  in
high-penetration renewable power systems. Additionally, exploring
approaches  for  updating  stability  knowledge  through  broad
inheritance  across  multiple  scenarios  and  in-depth  generation  of
knowledge models is crucial. These efforts aim to facilitate stability
knowledge  analysis  and  control  of  the  system  under  complex
operational conditions.

6    Conclusions
With the  continuous  advancement  of  modern  grid  construction,
China’s  power system has evolved into a complex cyber-physical
system  characterized  by  its  large  scale,  intricate  structure,  and
multi-source information exchange. AI techniques are increasingly
applied  to  characterize,  discover,  and  adapt  stability  analysis
knowledge, thereby facilitating the establishment and evolution of
stability analysis models. This paper reviews recent advancements
in  AI  technologies,  including  generative  adversarial  learning,

transfer  learning,  and  graph  learning,  in  the  context  of  stability
analysis in power systems, leading to the following conclusions:
(1)      AI  technologies  serve  as  universal  tools  for  knowledge

acquisition through extensive data learning. While significant
theoretical research exists regarding classical stability analysis
in grids, the increasing penetration of renewable energy and
the integration of numerous power electronic devices intro-
duce  multi-scale  nonlinear  dynamics  and  multi-time-scale
coupling characteristics. Consequently, AI methods diminish
the  reliance  on  precise  simulations  during  model  building,
positioning AI-based techniques for learning and modeling
stability knowledge as a critical research direction.

(2)      The  modeling  of  stability-related  knowledge  using  AI  still
heavily relies on expert experience as prior knowledge, par-
ticularly in informing the selection of stability feature scales
and model orders. However, there is a lack of adaptive algo-
rithms capable of determining or adjusting the feature space
and model order.  Future AI approaches can explore incor-
porating evaluations of data similarity in dynamic response
processes  to  determine  model  order  and  facilitate  adaptive
equivalent modeling.

(3)      Current AI techniques exhibit a degree of adaptive evolution
through model transfer and incremental learning. However,
operational  uncertainties  arising  from  renewable  energy
outputs and control strategies for DC transmission introduce
significant  discrete  switching  behaviors  in  transient
responses. As the underlying physical states changes during
model  transfer,  a  more  robust  intelligent  model  closely
aligned  with  fundamental  physical  principles,  or  a  model
capable  of  automatically  adapting  to  different  operating
states,  may  be  essential  for  effective  solutions.  Future  AI
models  need to  evaluate  dominant  stability  knowledge and
dynamically  update  key  parameters  while  transitioning
between different model structures to enhance applicability.
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