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Fig.1 Efficient channel attention module
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Fig.2 Structure of DFT-ECANet
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Tab.1 Structure Parameters of DFT-ECANet

5 24 B o 4% J22 B4 R AE % EH R
DFTI-1 — — 2048 1
B A 1-2 65 5 1920%5
1 st s A 3 o B2 IDFT1-3 — — —
s 2 14 129 10 1920% 10
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HBRE 31 33 20 448%15
b1k Z 3-2 4 20 112X 20
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4 T pE 2 W2 -1t Ak 2 4-2 3 60 1X60
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Fig.3 Rolling bearing test bench
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Tab.2 Summary of datasets
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PN g B 0.3556 600 5
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A1 P il 0.3556 600 8
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P P g i <4.5 600 2
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Byl
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1 P ik i
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Tab.3 Fault diagnosis accuracy of different models %}
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Pl 4 R B 4R 11 i 2 WHR V8 Hi % . DFT-ECANet
FEBCHEAE T - 45 SR A 15 300 000 o A, 580 32 G 04
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Fig.4 Fault diagnosis confusion matrix of dataset Il
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