45 45 A4
2023 4 8 A

/IS B A NI S
JOURNAL OF NATIONAL UNIVERSITY OF DEFENSE TECHNOLOGY

Vol. 45 No.4
Aug. 2023

doi:10. 11887/j. cn. 202304024

http://journal. nudt. edu. cn

KERHZIZMERBANESRERFoMNERTE

ERE, % W, Enk,FE¥H,.TAL

(ZEIRKF MEIARFR, & &% 710038)

W OE O A TR TR () A, 2 T — A S S B 242 ) 45 4 (long short-term memory fine
tune, LSTM-fine-tune ) IEREAEE 7Y, i) B BAR S5 440 T 0 30 5040 X B B B AT 1 e FESE RS L AR P, X358 43
LSTM P 2% JZ 64T 7R 25 , ) S B IR A% R 55 T 10 50080 X X 4% LA R 4 A T8 1E . SR EAE R 72 fh e 7, R
FHARRVAR AL 5 R P 1E 5% R 0 OB | 38 4 2 0 B LI 5% o B0 28 30 A, 5 o7 A 28 LAt 1 5% R 20
BT, 25 R 2B LSTM-fine-tune #5178 GE 48 PR H HU G, SF- 3438 J7 IR 22 {0 1. 033 5, B A% 1 42 W00 1% 2
1.536 8, Sy o 52 b W DU BCHE RS B A 7 YAz AR T, A3 BRI TR IR 454 T 5 5L PR IR AR IR B T B e i 2%
B , XA R ()72 AL RE I AT I E . S5 SRR i S5 VI R AR BUDRS E 452 55 T 43. 0% , 3 42 1000 S 32 42
BT 20.2% .

KBIR IEB T AR TN AR e s IR AL 2%

MESEKS TPO.4  TEERERG:A  XE4S:1001 —2486(2023)04 —243 - 10

Transfer of oxygen concentrator life prediction model based on
LSTM-fine-tune

CUI Zhanbo, JING Bo, JIAO Xiaoxuan, PAN Jinxin, WANG Shenglong
(Aviation Engineering School, Air Force Engineering University, Xi'an 710038, China)

Abstract; To transfer the life prediction model, an LSTM-fine-tune( long short-term memory fine tune) model was proposed. The model was

trained by using experimental data under ideal conditions. During the transfer process, part of the LSTM network layer was frozen, and other parts

of the network were modified by using data in actual service environment. In order to verify the generalization ability of the model, sinusoidal

functions with different phases and amplitudes to generate data were used, obtained the knowledge of the sinusoidal function, and applied it to the

regression of other sinusoidal functions. The results show that the LSTM-fine-tune model can be fitted quickly, and the average mean square error

is only 1.033 5. It is significantly lower than the direct prediction error 1.536 8. In order to test the generalization ability of this method through

actual monitoring data, the data of oxygen concentrators under test conditions and actual service environment respectively is obtained, verifies the

generalization ability of the model. The results show that the prediction accuracy of the training set is improved by 43.0% and that of the test set is

improved by 20.2% .

Keywords: transfer learning; life prediction; oxygen concentrator; grey wolf optimizer
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