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Review on Data-driven Power System Transient Stability Assessment Technology
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ABSTRACT: The rapid and accurate identification of the
transient stability status of power systems is a crucial
prerequisite for ensuring the safe and stable operation of large
power grids. Compared with traditional physical analysis
methods, data-driven transient stability assessment technology
for power systems has significant advantages in solving
complex nonlinear mapping and rapid evaluation, and has
become an important direction in current research on transient
stability assessment of power systems. This paper establishes
the basic architecture of data-driven transient stability
assessment technology based on the demand scenarios of
power system transient stability assessment and the general
intelligent application framework, and analyzes the functions
of each process link in a data-driven context from the aspects
of offline training, online application and feedback update.
Furthermore, focusing on data enhancement, machine learning
algorithms, and learning mechanisms, this paper reviews the
progress of application research work and key technologies of
data-driven technology in power grid transient stability
assessment, and analyzes the advantages and disadvantages of
different models and methods in solving the fitting and
generalization capabilities of power system transient stability
assessment models. Lastly, in light of the new characteristics of
transient stability assessment for high proportion renewable
power systems and the ongoing advancements in artificial
intelligence technology, this paper anticipates the future
research direction of power system transient stability
assessment technology from three perspectives: data, model,
and application, aiming to provide technical reference for the
digitization and intelligent of power grid transient stability
assessment.
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Fig.1 Data-driven architecture for transient stability assessment of power systems
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Fig.2 Data augmentation technique framework using for transient stability assessment
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Fig. 3 Flowchart of transient stability assessment based

on traditional machine learning
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Fig. 4 Schematic diagram of transient stability assessment

based on deep learning
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Fig.5 Flowchart of serial integration algorithm
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Fig. 6 Flowchart of parallel integration algorithm
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Fig. 7 Schematic diagram of transient stability assessment

based on transfer learning
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Fig. 8 Schematic diagram of transient stability assessment

based on active learning
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With the high proportion of power -electronic
devices connected to the grid and the increasing
penetration of new energy, the transient stability
boundary of the power system is constantly changing.
There is an urgent need to quickly and accurately judge
the transient stability situation of the system under
different grid operation Data-driven
technology, when applied online, has the characteristics
of high efficiency and fast speed, effectively meeting the
requirements for speed and accuracy in online safety
assessments.

scenarios.

The main idea of applying data-driven technology

to achieve transient stability assessment of power
systems is “offline training, online application, feedback
update”. Based on this idea, this paper presents the basic
technical architecture for transient stability assessment
The offline
training and online application in the above technical
architecture form a  closed-loop of
data-model-data through the feedback update link. The
purpose is to ensure the accuracy and generalization

under data-driven, as shown in Fig. 1.

circuit

ability of the model application through the mechanism
of feedback correction.
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Fig. 1 Data-driven architecture for transient stability assessment of power systems

1) Data augmentation.

During the offline training phase, data samples are
repaired and balanced through data completion and data
sample balance. Key sample input features are selected,
resulting in a complete, balanced, and high-value density
sample dataset.

2) Machine learning algorithm.

Machine learning algorithms, as the core
technology of artificial intelligence applications, endow
information carriers with the ability to discover data
associations by giving “experience” or “knowledge” in
the form of data. During the application process, they
continuously accumulate experience or learn new
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knowledge through data feedback to deal with the
uncertainty and time variability in the scenario.

3) Model Learning Mechanism.

In an open grid environment, the model is endowed
with strong multi-scenario transient stability assessment
capabilities for the power grid from three aspects:
integrated learning, transfer learning, and active learning.

Finally, under the background of a high proportion
of new energy, combined with the development of
artificial intelligence technology, this paper anticipates
the future research direction of power system transient
stability assessment technology from three aspects of
data, model, and application.



