CER U S S #4615 0 14
ELECTRONIC MEASUREMENT TECHNOLOGY 2023 4F 7 H

DOI:10. 19651/j. cnki. emt. 2212295

B F 3470 B RO KRS 48 4F RUL T 77 5550

AW AL FKE
(FAIZ L XFEE TEFR M 510006)

W OE: O R EOEE AR R T R A F Ay (RUL) BUR 5 58 5 2 AR B I 2 B R i i 508 46 1 T 1) 00
ST 3 MR R AN A 00 BTN A o A LR . O T R B IR IRV, LABERE £ 48 1 RUL FRINASE RN TR 42, 4
XIS H bR T B TE 2 5 BAR IR Z A AR AR B 5 5 5T T 30 2848 . 45 IR B 09 b 28 08 H AR S
B0 R I 25 RUL S0 A 280 A ) 49 AiE £ 3001 2%, 7R 2 2 mhoim A 1 SR IR Ak K 0 o 29 3R, 2 o X 2 S 4 i
R B2 IBURE o A T S BAR B AN [l S R i R B . A XTTU-SY 2 JF BHE 46 X0 S #8420 I i 25 2R 3R B MR T
T AR Y, A ST IR 7 36 A B T 0T H) 00 R s A P T A B T s AR SO R PR E D R TR T
TR 20 11 980 4 i P O A T S % 1) R L BB A I 80R

KRR EE LR 5 AT A A B 5 TR A ST s X BT 4R

MESES: TPI8  XEMRIR®SE: A ERGEFRSERBG: 520.20

Prediction method of RUL of rotating units based on
adversarial transfer learning

Liu Xiali Deng Yaohua Guo Chengwang
(School of Electro-Mechanical Engineering, Guangdong University of Technology,Guangzhou 510006, China)

Abstract: Most methods for predicting the Remaining useful life of deep learning of rotating units usually assume that
the data distribution of training data and test data is the same, resulting in low prediction accuracy ol the model under
different working conditions. For the above problems, this paper proposed a model transfer method based on
adversarial training, where the transfer object is a rotating multi-unit RUL prediction model. Aiming at the transfer
scenario where the source domain and target domain have dillerent working conditions and the target domain lacks label
samples, a domain classifier was introduced to extract the common features of the source domain and target domain
data. The feature extraction network in the RUL prediction model was retrained by combining the labeled data in the
source domain with the unlabeled data in the target domain. In the training process, auto association and
correspondence constraints were added to improve the ability to extract common features, thus realizing the migration
application of the model in different scenarios. The test results ol the transler model using the X]JTU-SY public dataset
revealed that the prediction accuracy of the method described in this paper is higher than that of the original prediction
model under the new working conditions. Compared with other transfer methods, the prediction error of this method is
smaller, and it has a better effect on predicting the remaining useful life of rotating units under variable working
conditions.
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