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AC-LSTM transient stability assessment considering cost-sensitivity

LI Nan:2, ZHU Yuan?, CUI Ying®
(1. Key Laboratory of Modern Power System Simulation and Control & Renewable Energy Technology, Ministry of

Education (Northeast Electric Power University), Jilin 132012, China; 2. School of Electrical Engineering,
Northeast Electric Power University, Jilin 132012, China; 3. Zhuhai Power Supply Bureau of
Guangdong Power Grid Corporation, Zhuhai 519000, China)

Abstract: When the data-driven transient stability assessment model is used to judge the stability of power system, there
can be an increase in the false positive rate of unstable samples. This is due to the imbalance between stable samples and
unstable samples. Also the cost of misjudgment of unstable samples is much higher. An AC-LSTM transient stability
assessment model with a cost-sensitive mechanism is proposed. By improving the Adaboost algorithm and introducing a
cost-sensitive function to update the sample weights, the influence of minority samples on the overall classification
accuracy is eliminated to minimize the false positive rate of unstable samples. In addition, the improved AdaBoost
algorithm is integrated with long short-term memory (LSTM) to improve the comprehensive performance of the classifier.
The simulation results on the IEEE39-bus and IEEE140-bus systems show that the model proposed has better adaptability
and generalization ability than others, and the comprehensive evaluation performance is improved. In addition, the
anti-noise ability is also better than other models.
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Table 4 Performance comparison of different evaluation models on two power systems
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Table 5 Performance comparison of different models under different degrees of white Gaussian noise on two power systems

. Pacc/% PGmean/%
MRS TEA R - -
Tomg 40 dB 30dB 20dB e 40dB 30dB 20dB
DT 96.40 96.01 94.28 92.81 96.24 95.37 93.63 92.16
KNN 96.16 95.75 95.26 94.71 95.04 94.36 94.18 92.94
SVM 95.55 95.47 95.41 94.98 94.65 94.55 94.53 93.98
IEEE39 5 R4 Adaboost 95.92 95.02 94.61 92.97 95.13 94.15 93.71 91.93
LSTM 97.05 95.83 95.18 95.09 96.40 94.82 95.31 94.87
Ada-LSTM 97.86 97.30 96.52 96.22 97.71 97.48 96.57 95.15
AC-LSTM 98.67 98.31 98.04 97.47 98.03 97.89 97.52 96.73
DT 98.50 98.48 97.25 96.70 98.02 97.93 96.12 95.27
KNN 97.33 97.24 96.97 96.95 95.27 94.00 93.94 93.95
SVM 97.59 97.61 97.58 97.50 95.77 95.69 95.77 95.63
IEEE140 T AR % Adaboost 98.26 97.87 97.56 97.13 97.49 96.38 96.53 95.52
LSTM 98.43 98.10 97.73 97.19 97.19 96.94 96.40 96.09
Ada-LSTM 98.98 98.76 98.42 98.06 98.40 98.43 97.93 96.60
AC-LSTM 99.07 98.95 98.67 98.17 98.86 98.75 98.57 97.54

* 6 MERNAZF LARIEEREIRE T SEREMREXTEE
Table 6 Performance comparison of different models under different degrees of mutation noise on two power systems

- - ' Pacc 1% PGmean /%
WA 5% PR Tomk 40 dB 30 dB 20 dB To g 40dB 30dB 20 dB
DT 96.40 96.32 95.85 95.25 96.24 95.93 95.53 95.34
KNN 96.16 95.95 95.39 95.18 95.04 94.89 94.03 94.25
SVM 95.55 96.07 95.86 95.56 94.65 95.23 94.88 94.26
IEEE39 i R4 Adaboost 95.92 95.34 95.10 94.93 95.13 94.62 94.11 94.11
LSTM 97.05 96.89 96.57 96.72 96.40 96.75 96.02 95.38
Ada-LSTM 97.86 97.58 96.94 96.71 97.71 97.66 96.73 96.24
AC-LSTM 98.67 98.48 98.16 97.93 98.03 97.96 97.81 97.54
DT 98.50 98.87 98.50 98.29 98.02 98.42 97.95 97.56
KNN 97.33 97.31 97.31 97.27 95.27 94.00 94.00 93.97
SVM 97.59 97.59 97.58 97.57 95.77 95.77 95.74 95.74
IEEE140 7 i R %0 Adaboost 98.26 98.03 97.88 97.42 97.49 97.19 96.29 96.72
LSTM 98.43 98.22 97.87 97.48 97.19 97.21 97.08 96.83
Ada-LSTM 98.98 98.99 98.56 98.53 98.40 98.52 98.42 97.92
AC-LSTM 99.07 99.05 98.98 98.97 98.86 98.70 98.57 98.47
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