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Table 1 Performance comparison of various data
synthesis algorithms
Atsr/ Y6 Ater/ Y6 AGmean/ V0 Ance/ Y6
100.00 0 0 95.17
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Table 2 Performance comparison of various data
synthesis algorithms under wide-area noise

Atsr/ Y6 Arer/ % AGmean/ %6 Anee/ %
100.00 0 0 95.17
SMOTE 82.31 86.21 84.23 82.50
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Table 3 Performance comparison of various data
synthesis algorithms with high dimensional data

Atsr/ % Arer/ % AGmean/ %0 A/ %6
99.96 0.81 8.98 96.42
SMOTE 85.95 90.59 88.24 86.12
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assessment with missing PMU measurements: a data mining

Data Augment Method for Power System Transient Stability Assessment Based on
Improved Conditional Generative Adversarial Network

TAN Bendong' s YANG Jun' , LAI Qiupin' , XIE Peiyuan® , LI Jun® , XU Jian'
(1. School of Electrical Engineering, Wuhan University, Wuhan 430072, China ;
2. State Grid Hunan Electric Power Company, Changsha 410000, China)

Abstract ; Data-driven transient stability assessment method has become the focus of research in the field of power network
security. However, transient unstable situation in the actual power system is very rare, which brings great difficulties to the
data acquisition method for judging the instability. This paper proposes a data augment method for the synthesis of unstable
samples in the transient stability assessment. It enhances the adaptability of training methods for conditional generative
adversarial network (CGAN ) to improve their learning stability and uses the improved CGAN training generators and
discriminators during offline training to learn the distribution characteristics of raw data. Then, the extreme learning machine
(ELM) classifier is used to filter out the generated samples with the highest G-mean value among the multiple sets of samples
generated by the improved CGAN. The unstable samples are used to augment the original unstable samples, and the
augmented original samples are used to train the classifier to achieve online transient stability assessment. The simulation
results show that the proposed method can effectively learn the distribution characteristics of the original data by the improved
CGANSs. The method has the advantages of strong anti-noise interference and good robustness to high-dimensional data, and it
can effectively balance the unstable data of power system.
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