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Fig.2 Flowchart of the established fault diagnosis model
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Tab.2 Cross-load fault diagnosis tasks based on CWRU

%3 SSCNN-ACH#BZMSE
Tab.3 Structural parameters of SSCNN-AC model
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Tab.4 Performance of different models in CWRU cross-load fault diagnosis task %

1% CNN MMD CORAL CMD DANN LMMD JIMMD SSCNN-AC
Co 89.284+4.29 90.06+25.35 93.87+£5.60 87.24+8.13 97.65+£2.13 99.994+0.03 99.26+£0.40 99.874+0.19

Cos 79.58+6.37 83.52+25.10 88.184+7.27 84.97+8.84 90.88+3.44 89.61+7.22 87.49+8.53 93.54+8.10

Cos 71.38+5.53 90.54+8.19 82.084+7.75 73.114+7.85 78.6243.04 75.2844.68 83.46+6.67 91.349.62

Cyo 90.94+4.48 96.95+2.09 98.214+2.07 86.3843.93 94.4843.13 98.3942.22 92.77£544 99.04+1.02

Cy, 99.07+£1.84 90.91£26.97 99.874+0.09 97.1842.22 99.9+0 100£0 100£0 99.96+0.12

Ci 84.59+8.39 86.86422.65 93.83+£7.00 88.69+6.43 93.19+4.48 94.89+5.12 96.6242.37 96.7444.95

Cy 78.694+6.84 84.81+£8.04 87.274+8.12 81.81£7.50 88.45+2.96 95.52+6.16 90.02+8.06 92.76+7.74

Cyy 93.91+4.02 91.69+24.06 97.234+3.80 92.454+3.92 98.984+1.20 99.894+0.30 99.94+0.10 98.48+3.04

(O 93.69+7.79 99.84+0.10 95.964+4.28 95.83+3.31 99.34+0.94 100+0 97.72+4.30 99.87+0.30

Cy 70.64+4.32  79.52+4.26 77.95+£9.57 71.11£9.13 78.67+3.37 86.78+12.92 80.014+9.45 91.214+7.13

Cy 80.48+£7.61 91.56+£5.10 86.27£6.98 79.42+£5.70 86.62+7.30 89.95+6.30 93.9846.80 89.7846.58

Cs, 79.73+£3.68 90.82+£23.43 92.264+6.79 91.9548.40 95.1345.29 9943.00 98.44+3.19 96.93+4.58

SR 84.33+£11.11 89.76+18.29 91.0848.94 85.84410.81 91.83+7.94 94.11+8.65 93.31+8.27 96.8446.32
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Tab.5 Cross-load fault diagnosis tasks based on labo-
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Lo 2 600->>2 800 5000 500 500
L,  2600->3000 5000 500 500
Lo 2 600->3 200 5 000 500 500
Ly, 2 800->2 600 5 000 500 500
Ly, 2 800->3 000 5 000 500 500
Ly 2 800->3 200 5 000 500 500
L, 3 000->2 600 5000 500 500
L, 3 000->2 800 5000 500 500
L, 3 000-=>3 200 5000 500 500
L. 3200->2600 5000 500 500
L, 3 200->2 800 5 000 500 500
L., 3 200->3 000 5000 500 500
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Lo Lo Ly s Lo 8 A 55 TP HUAS: S5 v 099 100000 9 ff o
AR HE, LMMD 78 Loy Lo Loy Ly Lo S5 4T 45 AR
S HERR e R o R HEOR TR i BB Y 1 - X U
T SR AE T A 7 ik A o

JITHR A TR 7 AN [) 955 o B 12 AT 55 v )RR AE
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Tab.6 Performance of different models in laboratory cross-speed fault diagnosis tasks %
1155 CNN MMD CORAL CMD DANN LMMD IMMD SSCNN-AC
Ly 97.8842.82 98.3+2.03 99.84+0.37 99.924+0.13  99.8640.36 10040 99.30+0.94 99.9440.18
L, 89.36+8.28 89.484+12.19 98.96+1.55 97.52+5.08 97.98+1.81 99.924+0.16 95.48+2.11 100+0
L, 68.78£9.94 80.064+11.17 89.3+8.13 88.34+£7.93 84.06£6.94 97.7046.90 91.10+4.62 99.32+0.80
L, 88.62+£4.71 97.4443.98 97.16+4.82 99.62£0.70 99.98+0.06 10040 96.76+2.27 99.964+0.12
L, 96.10£5.89 97.1241.91 98.94+1.35 99.56+0.81 99.58+0.71 10040 95.08+£3.30 10040
L,; 80.08£13.91 93.4643.68 95.80+8.18 96.20£3.81  99.02:£0.95 10040 95.20£4.58 99.9440.18
L, 82.584+12.16 93.68+5.55 98.72+1.71 99.52+0.93 99.32+1.27 100+£0 94.00+2.79 99.94+0.18
L, 95.24+7.71 99.284+1.51 99.46+0.87 97.26+2.45 99.84+0.32 99.844+0.37 99.104+0.82 10040
L, 86.284£12.49 92.544+5.34 9586+11.49 93.24+6.87 98.20+£2.08 98.00+6.00 94.32+7.14 99.92+0.16
L, 61.98+9.58 78.004+7.93 85.06+8.47 90.34+7.50 86.92+6.88 98.704+3.83 85.10+5.14 100+0
L, 70.98+12.86 92.764+5.75 92.82+10.73 91.90£10.52 93.24+£6.62 99.904+0.20 90.70+5.61 99.30+2.03
L, 76.56+12.88 92.764+4.07 97.66+2.36 94.22£5.85 92.48+6.74 10040 92.84+4.03 99.884+0.30
92.07£8.83 95.804+7.31 95.64+6.63 95.87+6.30 99.51+£2.76 94.0845.50 99.85+0.60
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Fig.8 Visualization of features of proposed method in different cross-speed fault diagnosis tasks
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