385 K4l HLT I B 5 (AR 4R Vol. 38 No.4
- 128 - JOURNAL OF ELECTRONIC MEASUREMENT AND INSTRUMENTATION 2024 4F- 4 J

DOLI: 10. 13382/j. jemi. B2307000

—ME TR AR EREXFMBEVIE & MK 1
e 7 el SR FF A WL T 0k

$oF B OB
LT TR K AU B TRYBE #7785 125105)

O E"ﬁ”é’%ﬁﬁ( remaining useful life, RUL) Tl il B 4 % s %) (first predicting time, FPT) FT A F WL
TN HRE I 15 SR 100 2 0 XS (7% [ L, 4 1 T — i - Bl & AR i R B AL 2 Y 465 (stochastic configuration networks, SCNs ) 147l 7K 5l
RFMPIN B, B, RAHEAMES BRI 7## ( complementary ensemble empirical mode decomposition, CEEMD ) X} iUl %
ARG 534750 , FRER LAY Bl (55 Al G R AE . ), (T NBCR SR A HRAS R B 535 19 FPT, Jf45
B RE SN Rt AR AL I RPAE G (R AR 4 3 0 SCNs 9 4% B9 42 s AT 00 , I AR 418 #0045 it 42 (9 R 32 L & RMSE i 4 %o T30
ZERLHATACIE ol SR AT, TR R LR B8535 0. 83, 1R 22 H 43 L iU B3 46 51 12 2% ( mean absolute deviation, MAD) Fl
FrRifER 22 (standard deviation, SD) 43328 5. 26 F1 3. 38 ; 5 HAW TN 51248 Lb , A< SCUTH& 7 248 6 v B TR

SRR RhR ;TR AR i I 5 RPAIE SRS s R S 22 s BEHILIC L I 45 5 e e il

RESES: TH136;TP277 XEKFRIRAS . A ERiRAEZREK: 510.40

Bearing residual life prediction method based on fusion feature clustering and
stochastic configuration networks

Han Ying Chen Xi

(Faculty of Electrical and Control Engineering, Liaoning Technical University, Huludao 125105, China)

Abstract: Aiming at the problems for which the first predicting time ( FPT) of bearing remaining useful life ( RUL) is based on
subjective selection and maintenance risks caused by predictive lag. A stochastic configuration networks ( SCNs) -based bearing residual
life prediction method is proposed. Firstly, the complementary ensemble empirical mode decomposition (CEEMD) is used to decompose
the original bearing horizontal vibration signal, then extract its time-domain and frequency-domain signals to construct fusion features.
Secondly, the health state is divided by wavelet clustering to find the appropriate FPT, and the health data set is constructed by
combining the characteristics of the energy response bearing degradation. The prediction is made by SCNs network offline modeling, and
the prediction results are corrected according to the slope of the fitted curve and the RMSE index. Through experimental analysis, the
comprehensive score of the proposed method is as high as 0. 83, and the mean absolute deviation (MAD) and standard deviation (SD)
of the error percentage are 5.26 and 3.38. Compared with other prediction methods, the proposed method has higher prediction
accuracy.
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Table 2 Parameters of different models

A B2
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MiniBatchSize = 128 ; MaxEpochs = 500 ; learningrate = 0. 01
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SVM 1.246 9 1.165 4 1.554 7
ESN 0.305 7 0.237 8 0.093 4
LSTM 0.290 6 0.091 4 0.084 4

TCN-LSTM 0.214 6 0.208 4 0.046 1

CNN-LSTM 0.151 6 0.085 7 0.0123

SCNs 0.134 3 0.044 7 0.018 1
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Table 4 FPT selection
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