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Fig.2 Placement position of microphone
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Tab.2 Description of 5 operating states
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Fig.3 Timing diagrams of the acoustic signals of wheat
harvesters under 5 operating states
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Fig4 Comparison of initial data and down sampled data
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Fig.5 Denoising flow chart based on CEEMDAN-WT
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Fig.6 Comparison of original signals and signals with white
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Tab.3 Comparison of different denoising methods
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Tab.4 Characteristic parameters
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Fig.7 Comparison of signals before and after noise denoising
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Fig.8 Schematic diagram of CNN-RELM structure
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Fig.9 Effect of different parameters on test accuracy
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Fig.10  Diagnosis results of different methods
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Fig.11 Diagnosis results of different acoustic signals
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