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Fig.1 ELM network structure
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Fig.2 Deep extreme learning machines network structure
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AL A s BB 3~5 s, ME A B .
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M55 o3 0o 21 F1 15 4> SNP-DELM 5536 19 5
Jr AR E] 3 AL BB 98, 6700 7€ Banknote
Bl % . DELM F1 ELM W45 73 53509024 14 A1 17
4+ SNP-DELM #4 8 4 4 B AR 51 2 4. 1 71 %
99. 6% 5 7E Seed K £ 1. 3 Fh 3L (¥ 1E % 43 531
N 97.14%,95. 23 % F1 94. 76 % ,DELM Fil ELM #)
B3 i 11 A1 10 4>, SNP-DELM 45 15 B A 2] 6
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Tab.1 UCI data set introduction
Breast Cancer 683 10 2
Banknote 1372 5 2
Seed 210 7 3

®2 UCLiZHIZR
Tab.2 UCI diagnosis results of different methods 9

BHE 4 SNP-DELM DELM ELM
Breast Cancer 98. 67 95.00 93.00
Banknote 99. 60 97. 20 96. 60
Seed 97.14 95.23 94.76
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Breast cancer data set classification effect visualization
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Fig. 4 Banknote data set classification effect visualization
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Fig. 6 Experimental platform of roller bearing fault diagnosis
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Tab.3 Parameter of bearing mm
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Fig. 7 The type of bearing fault
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Fig.8 Raw waveforms
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Fig. 10 Accuracy rate histogram
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Fig. 11 Confusion matrix of the diagnosis results
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Diagnostic flowchart
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KB5S 4 R SR AR HE 22 AT A L BT R
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Tab. 4 Bearing diagnosis results of different methods

o - 35 1 1 ‘{@fﬁ%ﬁ iJI!’ﬁE
/% ez / % i) /s
ELM 53.00 3.605 6 0.049 9
SAE 93.20 1.456 8 591.250 2
CNN 90. 85 2.0283  457.5120
DELM 94. 25 1.602 9 11.568 8
SNP-DELM 98. 20 0.5869  25.6193

4 &
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I 61 2 o i AR D fi e A TR U2 R 4% A 45 44 TG
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