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Frequency Safety Assessment of Power Systems Based on Multivariable-sample Convolution and

Interaction Network

LIU Jie"?, SHI Fang"*, SONG Xuemeng®, TIAN Shuoshuo"*, NIE Ligiang®
(1. National Joint Engineering Laboratory of Power Grid with Electric Vehicles (Shandong University), Jinan 250061, China;
2. School of Computer Science and Technology, Shandong University, Qingdao 266200, China;
3. School of Electrical Engineering, Shandong University, Jinan 250061, China)

Abstract: The existing intelligent transient frequency assessment methods in power systems do not adequately consider the
temporal characteristics of input data. Therefore, a frequency safety assessment method for power systems based on intelligent
prediction of transient frequency response curves is proposed. A multivariate-sample convolutional interactive network is designed
to fully exploit the temporal characteristics of power system measurement data, thereby improving the prediction accuracy of
transient frequency response curves of the power system. Key indicators, such as the maximum frequency deviation, occurrence
time of the maximum frequency deviation, and the metastability frequency are calculated based on the predicted frequency response
curves, and the frequency safety of the system is comprehensively assessed. Simulation tests are conducted on frequency stability
standard cases, and the results show that the proposed method effectively improves the accuracies of frequency response curve
prediction and system frequency safety assessment compared with classical methods such as deep learning.
This work is supported by National Key R&.D Program of China (No. 2021YFB2400800).
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