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Fig.1 Architectures of the AE

h=f(x)=s(w,x+ b,) (1)
ik T 25 A 1 3 AR
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Fig.2 The computational graph of the cost function for a DAE
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Fig.3 Architectures of the SDAE and schematic diagram of
layer by layer training
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Fig.4 The difference between Rel.U and PRelLU
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Fig.5 SDAE method flow
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Fig.6 The model used in this method
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PR TEBR Bk B EEMD J7 2 4 M 4k SR A 2 AR 3
MM RBOL M FILF —15dBMEA FE S
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Tab.1 Simulation results of sinusoidal signals

W R i EUERS EEMD J5 HISE R Mok
SNR/dB [ M 5 SNR/dB RMSE [ 5 SNR/AB RMSE [ 5 SNR/AB RMSE
—20 5.994 0.621 —4.853 1.235 —19.086 6.357
—15 10.894 0.355 —0.644 0.761 —13.083 3.185
—10 21.157 0.106 3.955 0.448 —7.991 1.772
—5 22.955 0.086 7.515 0.297 6.157 0.348
0 25.642 0.065 10.313 0.215 10.497 0.211
5 31.097 0.035 15.679 0.116 15.598 0.117
10 34.694 0.023 18.819 0.081 17.975 0.089
15 37.459 0.017 19.635 0.104 22.159 0.055
20 39.007 0.014 26.642 0.033 26.439 0.034
B G T 1R X B W E 5% A5 5 B MR TS 1 I i ig 2 EhEE
AP 7 % WAL e T DU 8 A B 57 8% T N \/\/\/\/\
W I % £ 5 09 R R SR B AE . b A R o 0 W 40 60 80 1000
S —20 dB Y 5 W 15 5 RV IS 86 0RO M L W 5 & OW
B0 R AL, B SR A (R B 22 5 (EL M B
B T W 6 MR B 0 7 WA * R
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(a) Denoising effect on noisy signal with SNR=-20

R R

(b) XTSNR=5[ & e (5 5 P R R
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Fig.7 Denoising effect of this method on sin signals
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a(2)="5(1+ cos(80xnz))cos (400xs )+

20(1 + cos (80xz)) cos (1 600xz )+

15(1 + cos (80xz)) cos (1 200wz )+
10(1 + cos (80xnz)) cos (800xz)  (12)
RFENAR N 12.8 kHz, R HEWFE] 2 4 s, R
S R, 25K R 20, AN FEARAL 1 000 4 SR A
FGREARECH A 400, 453X 400 AN FE AR YIS AN [H)
2 BE 1 IR 7 A 3 1 {5 MR bE S — 20~20 dB 19 9 Fh
A5 K OMEMESAHE A 3600 FEAR
YN A, P-4 BEHAE DI 2542 19 7 1k a1 TR AR 55t 1)
M AE o 3 2 A58 7 1 6 [A] SNR 75 W 4 i
15 5 M 5 75 2] 9 SNR il RMSE, [ 8 N A AF 58 7
R Fr MR R A S R MR T S R B BT . AT LR
W AR 28 7 1R S MR R R A S B T R Y
M A L X SNR S — 20 dB (1 75 B 45 5 588 HAT 4
U B RE ), BB BH 2 4 R 15 M L, LRI IS AR AR 1Y
5 ARG XA R M R L R T R M

G IR I IR B, AL IR R 2 5 /N

®2 FABEESHEER

Tab.2 Simulation results of Am signals

WEVRAT  BERJS FEMRmr  REMRS
RMSE RMSE

SNR/dB SNR/dB SNR/dB SNR/dB
—20 2.619  13.343 5 28.260 0.828
—15 9.113 4.204 10 30.217 0.829
—10 22.654 0.890 15 28.252 0.828
—5 28.473 0.811 20 28.251 0.828

0 28.321 0.823
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K SCHR L 19 1 rp i) b 7 il e 45 LA 550
2(2)=exp( — 800mod(z, 1/100) )sin (6 000xs) +

exp( — 800mod(z, 1/80) )sin (16 000z)  (13)
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P& WSS K OF EMESAAE NS A 360014
FEA B U ZR4E | 1532 BRI VB UI 25 4 0 7 v i VR [A) #
BOE IR o R VG U Gr B AT I 25, 2
Ja B R 1 G 0 2 I SR AT R e . £ 3
A 5T 5 6 S 6] SNR ) £ W 3 I8 (5 5 15 W G
53 % SNR A1 RMSE . &l 9 Jy A B 58 7 3 % 5 e
VR AR 5 B MR AT 5 A IR e o R LLE L X
J—20dB T MAE S ERE S EGES 258
K, B R TR 3 JE R BE AN GF 5 X F SNR i — 10 19 %
W& A 5 AR AIF 590 7 9% 04 [ M 3k SR A g, U O R A7 A
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Fig.8 Denoising effect of this method on Amplitude signals
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Tab.3 Simulation results of bearing simulation fault signals

WEVERRT VRS FEVRRT RIS
MSE RMSE

SNR/dB SNR/dB SNR/dB SNR/dB
—20 1.071  0.200 5 22.672  0.016
—15 5072 0.118 10 22.660  0.016
—10 14736 0.035 15 22.729  0.016
—5 22275  0.017 20 22.710  0.016

0 22597  0.016

P A L Ay U A 5 6 T I A MR L Y R S Y
[ Mk e S ) pl 35 3 9 SNR #1 RMSE 7] DL E ), 5
g 2 S ) B A 0

4 EMEAMBREDES IR

K VI P4 % K27 (CWRU ) VR sl R S 422,
TE TR BR Al A SKF6205 Y /1B 8 38 1 # kAE T
TR sl R SRS 5, i T B 428 0.177 8 mm,
BB SR N A2 SRR SR B B R 22 26 3 R iR 8
SRAEATR A 12 kHzo SEHG ] R 5 rh as s
My o5 o — 10, —5,0,5,10,15,20 dB By 7 Fh
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Fig.9 Denoising effect of this method on bearing simulation

fault signals
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Fig.10 Denoising effect of this method on out-race faults signal
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