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Automatic failure determination method for high voltage electrical equipment
based on deep extreme learning machine
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Abstract: Due to the complexity of the internal structure of high-voltage electrical equipment, the operating environment is variable and
susceptible to the interference of external factors, which makes it difficult to capture the modal characteristics of the equipment operation and
thus realize the failure determination. In order to improve the effect of equipment fault diagnosis, the automatic determination method of
high-voltage electrical equipment failure based on deep limit learning machine is proposed. Physical parameters such as vibration and
temperature of the equipment are collected and nonparametric clustering is performed using Mean Shift algorithm. By iteratively updating the
Mean Shift vector, different modal states are recognized according to the clustering results. The linear correlation between each feature
parameter and the device state label is calculated and ranked using Fisher Score. Analyze the nonlinear redundancy between features using
Maximum Information Coefficient to realize the device modal state feature screening. The deep extreme learning machine model ( DELM )
is constructed to determine the equipment failure state by combining the prediction results of the new feature vectors and the threshold
comparison results. In the experiments, the proposed method is tested for determination accuracy. The final test results show that when the
proposed method is used to determine the equipment failure state, the kappa coefficient of the determination result is higher, and the
determination effect is more ideal.
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Fig. 1 Structure of deep extreme learning machine model
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Tab. 1 Performance parameters of high-voltage electrical equipment
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Tab.2 Ranking results of modal features based on Fisher Score
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Fig.2 Model convergence
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Fig.3 Failure determination results of the proposed method
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Tab.3 Comparison results of determination accuracy
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