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Abstract: [ Objective J Aiming at the problems of poor feature extraction and low fault diagnosis efficiency in the study of subma-
rine cable vibration signals, a fault diagnosis method for submarine cable is presented based on the combination of energy entropy
features, Grey Woll Optimizer (GWO) algorithm and Extreme Learning Machine (ELM). [ MethodsY Firstly, the finite ele-
ment simulation software is used to simulate the vibration velocity signals of submarine cable optical unit under different working
conditions. Secondly, the vibration signal is decomposed into four Intrinsic Mode Functions (IMF) using the Empirical Mode De-
composition (EMD) algorithm. These IMFs capture the inherent characteristics of the signal. Subsequently, the energy entropy
of each IMF component is extracted and calculated. The energy entropy is used as an indicator to construct the eigenvectors. Fi-
nally, the eigenvector samples under different working conditions are input into the classifier using GWO - ELM method to judge
the operation state. [ Results] With a sufficient number of samples and multiple calculations for averaging, it is concluded that the
accuracy of this method for recognizing different conditions of submarine cable can reach 97. 4%. The recognition time is as low as
0.968 5's, and multiple comparison groups with different algorithms have been established. The results show that the proposed
method has good performance in extracting signal features and fault diagnosis. [ Conclusion] The method proposed in the paper
can accurately identify the real-time working status with better fault feature extraction while significantly reducing the difficulty of
measurement.
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Figure 2 Vibration signal classification and judgment process
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Figure 4 Cross-sectional diagram of the simplified

submarine cable model
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