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Abstract: To handle the problem of acoustic emission signal recognition in the process of rock fracture, an acoustic
emission signal recognition method based on improved variational modal decomposition (VMD) denoising and multi-
feature fusion is proposed in this paper. Firstly, the VMD decomposition mode number K was determined according
to the singular value theory to realize the adaptive decomposition of the signal. Then, the optimal intrinsic mode
function (IMF) was selected by permutation entropy, and the multi-feature vector are extracted from the
reconstructed signal and fused for further recognition. Finally, the fusion feature vector was input into the support
vector machine model optimized by multi-verse optimizer (MVO-SVM) to realize the recognition of acoustic
emission signals. The experimental results show that, comparing with the same feature extraction method, the
recognition effect of the improved VMD denoising is better than those of EEMD denoising and wavelet threshold
denoising. Compared with the single feature vector, the fused feature vector of acoustic emission signal can achieve
higher recognition accuracy.
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Fig. 2 Working principle of acoustic emission signal acquisition equipment
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Tab. 2 Comparison of characteristic parameters of four types of signals
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