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Abstract: Aimi problem of packaging machine fault signal affected by noise and sparse samples, making

traditional diagnostic metli®ds unsuitable for practical applications, a new bearing fault diagnosis method is proposed.
Firstly, the vibration signals are transformed into two-dimensional images by using Continuous Wavelet Transform
(CWT). Subsequently, these images are input into a deep neural network for training. Following that, Extreme Learning
Machine (ELM) is used for fault classification. Finally, the ELM is optimized by the Sparrow Search Algorithm (SSA).
Experimental results demonstrate that the proposed method achieves an accuracy of 98.91% even in scenarios with
strong noise interference and limited training samples. Additionally, the model achieves an accuracy of 98.92% across
various bearing datasets, proving the practical value of the proposed method.
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Fig. 2 Structure diagram of the extreme learning machine model
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Tab.1 Classification results on the CWRU bearing dataset
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Fig. 4 Clustering results of various models
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Tab.2 Fault diagnosis results for 3 different deep learning
models and a model after fusing ELM and SVM
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Tab.3 The fault diagnosis accuracy of each model after integrating SSA
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Tab.5 Diagnostic accuracy of different models at various noise levels
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Tab.6 Classification of Paderborn university bearing dataset
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Tab.8 Diagnostic accuracy of models at different noise levels
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