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Abstract: Timely and accurate identifying the damage fault feature information generated and developed by
aerospace institutions can provide scientific decision-making basis for mechanism fault diagnosis valuation, scientific
task adjustment and future on-orbit maintenance. Both the ensemble noise-reconstructed empirical mode decomposition
(ENEMD) and its derivative methods estimate the noise improvement mode confusion from the original signal based
on the noise utilization mechanism, and achieve signal noise reduction. However, the accuracy of weak feature
extraction will be reduced by the noise estimation deviations caused by the difficulties such as it is hard to obtain the
singular value inflection point and the noise in threshold processing is discontinuous. Therefore, a noise estimation
technology based on the local reconfiguration by means of higher-order singular value decomposition (HOSVD) is
proposed. The tensor construction based on sliding window truncation and Hankel matrix is studied. Then, the
maximum peak point of the singular value curvature spectrum is used as the reasonable singular order. Finally,
according to the selected singular order, the tensor decomposition model is reconstructed to obtain the required noise

estimation components. On this basis, the HOSVD local recombination is introduced into the ENEMD method, and
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the noise assisted empirical mode decomposition (EMD) method is proposed. This method can further improve the

estimation accuracy of weak noise, and realize the enhanced extraction for weak features of aerospace mechanism

damage. The simulation analysis and an aerospace bearing test verify the practicability and effectiveness of the proposed

method in the extraction and recognition of damage weak features.

Key words: ensemble noise-reconstructedempirical mode decomposition (ENEMD) ; tensor; higher-order

singular value decomposition(HOSVD) ; noise estimation; space fault diagnosis
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