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Abstract: The failure of an optical current transformer ( optical CT) can seriously affect the stability of HVDC trans—
mission systems making accurate identification of optical CT fault types highly significant. Aiming at the problems of
poor training effectiveness and low identification accuracy of fault identification model due to the serious imbalance be—
tween normal and fault condition data and the complex change characteristics of optical CT state parameters under fault
working conditions a fault identification method of optical CT based on Wasserstein generation adversarial network and
multi-modal fault feature extraction is innovatively proposed. Firstly the original fault samples are proposed based on
the generation adversarial network optimized with the Wasserstein distance ensuring the balanced distribution between

different types of fault samples and normal samples. Secondly the multi-dimensional state parameters of optical CT are
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decomposed into multiple sub-signals by singular spectrum analysis to obtain the multi-modal information of each pa—

rameter. Finally a CNN-LSTM neural network is constructed to achieve accurate optical CT fault identification. The

simulation results show that the proposed method improves identification accuracy by 1. 25% compared with the optimal

benchmark model validating its effectiveness. The research results can provide references for the operation and mainte—

nance of optical CT.

Key words: generative adversarial network; optical current transformer; fault identification; CNN-LSTM; singular

spectrum analysis
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Fig.A1 Comparison of original data and generated data for the remaining four types of faults



