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Fig.6 Bearing failure simulation test bench
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Fig.10 Confusion matrix of MEDCCNN test results
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Tab.4 Comparison results of ablation experiments
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V8] 2% H5 7Y BARIR PSR/ % bR
MFDCCNN 2 99.21 0.302 6
MFDCNN EZ 97.03 0.386 9
DCCNN AR 95.95 0.3889
MFCCNN EZ S 92.14 0.3725
S-MFDCNN-vib &3 93.52 0.8111
S-MFDCNN-ae 7 & 4} 95.15 0.413 6




1088 I oBowm KX 5 & W %45 %

g
&

of NS

I 2 3 4 5 6 7 8 9 10
VER e

—*— MFDCCNN; —=— MFDCNN; —— DCCNN;

—— MFCCNN; S-MFDCNN-vib; —— S-MFDCNN-ae

BT 6 Fiob B o k4 0 28 v Aff R

Fig.11 Classification accuracy of test sets for 6 models

4 FE 11 0] LA ), MFDCCNN A L Al
J7 vk B T 2 RS B RRR G M B . 3 R AE
1] g £ BTG AR IE 22 SR B A ARl ol TR
AR BL 4 24 R Ty i, AT DA AR TR A REAE 2 (8] A AL
2 2] 2 FiAT AR B 1 2L AT R AE , AH FE MEDCNN K
JERRTE T 2.18% . £ RUEERLHAT B 450 70 2 > i 4t
K2 R R S RIZE R Z RESBZ, &
[ o RE B 45 FRUZ AT R 0 EL A o o B PR RE L AR
FE DCONNKE BEHETE T 3.26 % . %5 45 AR e AR B (i i
THEBEMZEAA, B THESER IS THN
KNG R M MFCONN RS BE$R T T 7.07% . M
S-MFDCNN #5281l 4 5o — YA 40 1 45 2R v] & i, il
A B A L B — TR R 12 o R LA B
T, 3R WY IBUA [F) 4% 2% 8845 B 1 22 05 T Rl 5 4 B 2
SR 2 Ty S 3 FURS Tt 1) VR 0 i 7 L R 12 T SR s

T A TRTPEA 6 Fi A AL 7E R AIE 25 (8] b 1 3R 253K
BT ST N A R P SR 2 B ICAY 2 R AR
CSNE S H B 2 — 2 Rk ERGE 4 R Fibi T3
Fh 23845, B Silhouette & %1 .Davies-Bouldin 5 %%
(DBI) #i1 Calinski-Harabasz F8 % (CHI) . 6 ffr 4% A4 (14
BRI R MF SR . B 120 6 FRE AL 5 1)
t-SNE ] #fb 25

R5 6TRAMBRIERER

Tab.5 Clustering indicator results for the 6 methods
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Fig.12 Visualization of t-SNE with 6 methods of classification
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