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A preventive control method of power system transient stability based on a convolutional neural network

TIAN Fang, ZHOU Xiaoxin, SHI Dongyu, CHEN Yong, HUANG Yanhao, YU Zhihong
(State Key Laboratory of Power Grid Safety and Energy Conservation (China Electric Power
Research Institute), Beijing 100192, China)

Abstract: A preventive control method of power system transient stability based on a Convolutional Neural Network
(CNN) is presented to better realize the control. The sensitivities of the CNN output variable are calculated to select
control generators and determine the control amount, and the corresponding control scheme is verified by the transient
stability assessment method based on the CNN combined with time-domain simulation to obtain the control scheme. This
can stabilize the system under anticipated contingencies. A particular provincial power grid is analyzed to verify the
effectiveness of the method. The results reveal that effective control measures are obtained with the proposed CNN-based
transient stability preventive control method, and they can restore the system to a stable state.
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Fig. 2 Flowchart of transient stability assessment and
preventive transient stability control based on CNN
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control based on CNN
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Fig. 5 Phase angles of generators for the initial operation point
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