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Fig.1 ACNN module diagram based on attention algorithm
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Fig.2 TImproved ACNN recognition model structure diagram
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Tab.1 The parameters of proposed ACNN
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Fig.3 Accuracy and loss function of training set and testing set
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Fig.4 Time domain diagram of the original vibration signal
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Tab.2 Variable settings for different models
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Fig.5 Recognition results of different models on three data

sets
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Tab.3 The author’s method to identify the correct rate of

the damage type %
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Fig.6  Confusion matrix of the proposed method with ac-

curacy
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Tab.4 Data set to verify the model domain adaptive

ability
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Tab.5 The recognition accuracy of different models %

- T

BRI i NN TIONNT BA
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-1 1F fiff % 95.33 96.10 96.76
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CNN EA7 5 (1 00k [ 38 0 6e 7, 76 MR A b
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Fig.7 Feature distribution of test samples
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Tab.6 Damage recognition rate of improved ACNN model

and comparison algorithm %
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Tab.7 Damage recognition rate of improved ACNN model

and traditional CNN %
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