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Fig.1 The structure of broad learning system
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system
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Fig.3 The flowchart of rolling bearing fault diagnosis
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Tab.3 Average accuracy of four models under different
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Fig.5 Training time and testing time of four models
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Fig.7 Diagnostic accuracy under different ratios of training samples
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Tab.4 Accuracy and training time of different methods

FR A e 2/ % U ERSIENE
ELM 82.11 5.06
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PR Tr 99.93 2.19
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