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Fig.2 AR-Caps fault diagnosis model with noisy signals
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1) Initialization: b, = 0

2) For kin range(r)

3) ¢;= softmax(b;)

4) u; ;= W,u,

5) h;,=c;0u,,

6) H; ,=tanh (W h,  +b,)

exp(H, ;)
7) a,:#, z‘ai: 1
Zfexp(H/“) l
8) sjzziaz H,,

9) v, = squash(s;)

10) by=b,;+ a,, v,
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B, 58 S 18] TN g AR T 4 BEUREAE 9 i A Rl A, T
) 2D BT R s, (W 4 B Ry 1< 255 25 B 9 Xt s, 11
B HEAT R 46 15 B80T IS 2 0,5 25 B 10 X e 0 #
RBCGEAT R, e A48 3] 44 25 4 1 H T R 12
R B0 e A
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Fig.3 Bearing test device
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(a) RS A
(a) Time frequency diagram of original signal

(b) IS S S
(b) Time frequency diagram of signal adding noise

(©) EEEFIKE b

(c) Compression and grayscale processing
14 /N B A3 A

Fig.4 Wavelet time-frequency diagram
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Fig.5 Model accuracy curve
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Fig.6 Model error curve
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Fig.7 Comparison of six simulation results
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Fig.8 Average results of six simulations of multiple models
®1 BRBEMEREXT L

Tab.l Performance comparision of models %

BPNN 66.33 63.00 63.00 57.42 94.98
CWT-DNN 98.56  46.50 46.50 45.73 47.18
TDS-CNN 99.37 93.50 93.38 90.70  94.09

STFT-CNN 99.50 95.17  95.29 95.30 95.65
CWT-CNN 99.75 95.83 95.88 95.82 96.07
CWT-Caps 99.61 97.00 97.04 96.99 97.38
AR-Caps 99.92  97.50 97.65 97.33 97.58
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A DL A rhf BOHE E AT R s . & 1
TDS-CNN A& A 34 P08 B2 8 93.50 %6 , I ok &
99.37% , W By LA 9 94.09 % , 3% 1 B 122 5 751 1Y B
T AT A IS o DS 2 I £ AT ) I ok
HZe T LA W, Ir A 9 CapsNet B8 82 B 4
3158 A ARE T O 25 4 v 2 TR R AR O B AR
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Fig.9 Comparison of simulation results under different loads
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