Ea43E 15
2023 %8 H 5 H

Gl SR A Y = 4
Proceedings of the CSEE

Vol.43 No.15  Aug. 5, 2023
©2023 Chin.Soc.for Elec.Eng. 5745

DOI: 10.13334/j.0258-8013.pcsee.213334  XEHRS: 0258-8013 (2023) 15-5745-14 FESFES: TP 18; TM 712 ICHEAFRIRTE: A

T B;F= 71 Transformer 4w asHY
ZME B NRZESRETGEZE

FiEdk, X 2%, ARE, HBE, AEK
FRBLHRABREL TR EERLEAHAKRF), LXT ZFR 102206)

Multi-stage Transient Stability Assessment of Power System Based on

Self-attention Transformer Encoder
FANG lJiashu, LIU Chongru, SU Chenbo, LIN Hanxing, ZHENG Le

(State Key Lab. for Alternate Electrical Power System with Renewable Energy Sources (North China Electric Power University),

Changping District, Beijing 102206, China)

ABSTRACT: The artificial intelligence method has made
considerable achievements in power system transient stability
assessment (TSA). A conventional deep network is generally
regarded as a '"black box" model, which limits the
dependability of intelligent algorithms for practical engineering
applications. Furthermore, conventional methods have limited
ability to capture the dynamic evolution process of the power
system. To solve the above problems, this paper introduces a
multi-stage transient stability assessment method based on
Transformer encoder, and missing alarms can be effectively
reduced with multi-stage predictions. Compared with
conventional methods, the Transformer model presents good
interpretability, whose attention structure visualizes the internal
work of the deep neural networks, so the model can adaptively
identify and focus on the important features. Meanwhile, this
paper utilizes multi-moment information to construct feature
spaces. Compared with other networks, the Transformer gains a
global receptive field via attention mechanism, and thus the
state change of power system can be characterized quickly and
accurately. Simulation on IEEE-39 bus system shows that the
proposed method presents good interpretability compared to
common data-driven models, showing higher accuracy of
transient stability assessment and stronger robustness under

data pollution.
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Table 4 Performance comparison

between different models

DAY PEAAERI R A/% Fi/%
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Fig. 5 Attention distribution for different temporal data during train process
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Table 6 Performance comparison
containing anomalous features
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Table A1 Performance comparison between deep models

PP Y5 50epoch FEHT/s TELRTPAL R /s
Transformer 1197.65 0.015
CNN 702.02 0.011
LSTM 798.24 0.019
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Table A2 Comparison between the proposed model and current works
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