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Abstract: [Purposes] Data—driven transient stability assessment of power systems has become
the mainstream research direction at this stage. However, in the practical applications, there are still
problems such as too few unstable samples and lack of consideration of the impact of power system
spatial topology information on transient stability assessment. In view of these issues, a new transient
stability assessment model based on conditional generative adversarial network (CGAN) and graph
convolution network (GCN) is proposed. [Methods] First, CGAN was used to perform targeted en-

hancement on sparsely distributed unstable samples as a link between the original unbalanced data set
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and the data—driven transient stability discrimination method, so as to achieve accurate optimization of

the extremely unbalanced original data set. Then, the spatial topology information of the power grid

was introduced as input, and the GCN was used to mine the spatial feature relationship of the power

grid. After that, the transient stability assessment model was constructed by combining the feature

vector of the node itself and its transient stability label, which enhances the model’ s generalization

ability for changes in power grid operation mode and topological structure. Finally, simulation verifi-

cations were carried out on the IEEE-39 node system and the IEEE-118 node system. [Conclusions]

The results show that the proposed CGAN-GCN transient stability assessment model has improved

accuracy and demonstrates strong generalization ability during model topology changes.

Keywords: power system; data balance; conditional generative adversarial network; graph

convolution network; transient stability assessment
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Fig.1 Conditional generative adversarial network
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Table 6 Performances of proposed transient stability assessment
model with different sample enhancement algorithms
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Fig.4 Two-dimensional spatial distributions of samples
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Table 5 Comparison of enhancement effect indicators of different
sample enhancement algorithms
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Table 7 Performances of proposed transient stability assessment
model with different sample proportions

N " N Fl1-4
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1200:3 600 79.14 77.62 81.88 79.69
600:3 600 60.93 61.23 59.58 60.39
500:3 600 52.67 52.79 50.61 51.68
360:3 600 33.04 34.18 36.65 35.37
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Fig. 6 Comparison of confusion matrices of five groups of models
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Table 8 Distribution of sample set
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Table 9 Performance of each model on IEEE-118 bus system
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