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Abstract: In order to solve the problem of low remaining useful life (RUL) accuracy of

rolling bearings under small samples and noise interference, a RUL prediction method of
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rolling bearings using information least squares generative adversarial network (Infol.S-
GAN) and actor-critic (AC) algorithm was proposed. Stacked denoising autoencoder, infor-
mation generative adversarial network and least squares generative adversarial network were
integrated to construct InfoLSGAN, which can automatically extract interpretable and ro-
bust features from noisy data, and solve the problem of vanishing gradients. The training
algorithm based on AC was utilized to train the InfoLSGAN to reduce the training time and
accelerate the convergence. According to the InfoLSGAN after training, a softmax classifier
was used to predict the rolling bearing RUL in test samples. The effectiveness of the pro-
posed method was validated through an accelerated fatigue life experiment of rolling bear-
ings. The experimental results demonstrated that when the signal-to-noise ratio was equal to
0, the proposed method increased the RUL prediction accuracy of rolling bearing test sam-
ples by at least 10%. In the case of small samples, the average accuracy of the RUL predic-

tion of rolling bearings was 95. 84 %.

Key words: rolling bearing; remaining useful life prediction;
information least squares; generative adversarial network;

actor-critic algorithm; stacked denoising autoencoder
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Fig.5 RUL prediction framework of rolling bearings
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Fig. 7 Full life cycle vibration signal of rolling bearingl_1
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Table 2 RUL prediction accuracy of rolling bearings
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Fig. 9 Prediction results with different neuron

numbers of the first hidden layer in SDAE



5 6 0]

T OB LT InfolLSGAN I AC 853k 19 7 3l i 7R ) 4% 75 i 100 1219

FACN Ro) X FIN SR A 52 Wi R4 3% 07 2 45 BPNN
(back propagation neural network ),SVM (support
vector machine) . SDAE. InfoGAN #1 LSGAN # 17
X, 2k A MATLAB 2016a H % T2 A . 52 90
T BPNN = SVM i 3% 3l il R 9 5 & 7 .
BPNN £ % 2 MEJZE L B2 Bou 8y 200, 58 i
IR /M TIUE 15 22 HARE Y J7 30, R ] Levenberg-
Marquardt fEfb 5291 2k BPNN, B 4% 0] BE50%
EVE SVM 19 ¥ ek %8, 3 % A cross-validation %
B RS BONIEST I . >R EEMD(en-
semble empirical mode decomposition) J5 1 $#2 Bt
AR v (1 B S R A R SRR AR L P BRI 24 A
FEAE A /E BPNN Fl SVM #4i A, SDAE, In-
foGAN HI LSGAN By 45 #4) A1)l 2k i 7 W iy e ik
AR SNR R 6 Fh 7 i 1) R A A7 i 1900 45 58 P
10 fiizs B S Fon s S . WK 10 Rl LR
X AR AE 5110 5 . 6 Bl 5 Tk i IR A o i %
FEIE 100% . SR1M . B & SNR A8/, P FE AR o
R 2. 24 SNR T 0 B, BPNN,SVM FI
SDAE ) 320 B A i i R B0 T 7500, % 07 1k
(R SR A HER SR L 8500, X J& i FI% Jy 15 F
F SDAE 1y #EZ 2549 1 GAN 19 4= ot s bl il . A
Bl /NS B I S R T R BOE R AE. S
LSGAN F1 InfoGAN A Lt . 3% J5 B A5 88 3K 45
A A A . FZ R AE T InfoLSGAN
¥ LSGAN 5 InfoGAN AHEZE &, A [H BE fifk o b 2
TH 2% [ L, 30 RE 4 I n] A B AR AE o PRI L 307 1%
T i AT Ar] i M b B, BE ) S DA TR AR v 4 IR
AR R ) B AR AL L HL AT i 1Y MR S S NV RE )

—_
(=]
(=]

S e
PR~
=T ——
¥ ~
I 707~ LSGAN
jg 601 InfoGAN . T~
S [+ InfoLSGAN —
=~ 50 1 1 1 1 1 1 1

S 10 8 6 4 2 0 =2

R_/dB

B 10 R[a SNR R 6 F 5 i i 8 4% 75 i 00 2%
Fig. 10 RUL prediction results of six methods under
different SNRs
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Fig. 11 Relation curves between the accuracy of
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test samples and iteration number

R T HE 2 BRI 5 1 X VR Bl il AR TR A A A
T 2R ¥ IF & 1) InfoLSGAN 5 SDAE,
LSGAN FI InfoGAN A %} kb . #% H 3 F AC
AN RSE N ZRIX 4 R 227 I B8 I 2R 50
WHAZE A 15121 1/2: 1,4
Tl B 2 2] A5 AU 11 3 4 3 o LI 25 2R a1 12
N Bl V2R D0 URE A B0z L i 4 s R
AU R B W . R A TR 2, 5
RGBS 5r . EAFI LB InfoLSGAN 1y
g fcm iR A VE R R . X 2 B T InfolLS-

SDAE = LSGAN = InfoGAN = InfoLSGAN
100

98
96
94
92
90

AR AS HER /%

1:5 1:2 1:1 2:1
ERSHIlinvEE S el
B 12 4 g i 2 > BT 1) 30 2 5 i TR 45
Fig. 12 RUL prediction results of four deep

learning models
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