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Tab.1 Working condition information of the PRONOSTIA test
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Fig. 2 Monotonicity results before and after rolling-element bearings
feature cumulative transformations
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Fig.3 Trendness results before and after rolling-element bearings
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Tab.2 Introduction of eighteen groups of feature quantities
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Tab. 6 Initial fault occurrence time points and final failure time

points of 17 rolling-element bearings

EEDIL WA B (5] /s L ] R
R B1-1 13170 27 460
TR B1-2 2290 8 500
SR B1-3 16 280 17 160
SR B1-4 10 790 11 000
SR B1-5 24130 24510
7R B1-6 16 430 24410
7R B1-7 8610 22 240
7K B2-1 2030 8 960
47K B2-2 2 480 4020
Bk B2-3 2610 19 440
7k B2-4 2680 7470
& B2-5 22910 23110
Hl7& B2-6 4370 6910
& B2-7 1360 2230
& B3-1 2920 4950
Hh7&B3-2 14310 16 210
fh7&B3-3 3280 4190

R7 SHAEHENHRIBEERE

Tab. 7 Initial fault point values of bearings determined by five

methods
Hh7k Bl-1 BI1-3 B1-4 B1-5
Ginart Jri (J5i 1) 21670 18270 N/A 22 580
Li ik (Orik2) 14 630 16 440 10910 22130
Ahmad 7736 (F5163) 12970 13510 11 600 24210
Wang 775 (51 4) 21170 16 810 10 850 23 060
AR5 13 170 16 280 10 790 24130
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Fig. 11 Initial failure times of bearings determined by the five

methods
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Tab.8 Comparison of RUL prediction results based on cumulative

transformed features under single-group signal training

- s/ 107
EResNet-KSLSTM ResNet-LSTM

Bl-1 1.289 9 6.089 9
B1-2 52757 11.803 6
B1-3 1.6473 4.9712
Bl-4 17.483 1 37.6814
Bl-5 12224 3.1357
B1-6 16.408 3 19.582 6
B1-7 5.146 5 15.287 1
B2-1 14.686 7 84.8110
B2-2 1.453 0 22196
B2-3 3.0869 5.089 6
B2-4 433323 53.933 7
B2-5 0.139 6 0.5187
B2-6 6.3717 12.298 7
B2-7 5.3985 44.571 1
B3-1 8.2543 27.408 3
B3-2 23.528 1 30.398 4
B3-3 1.071 8 11.174 7
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Fig. 12 RUL prediction results of test group rolling-element bearings
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Tab. 10 Comparison of RUL prediction results based on cumulative

transformed features under multi-group training

ENMSE

LIz
EResNet-KSLSTM ResNet-LSTM

B1-3 0.056 8 0.2413
Bl-4 0.039 7 0.156 1
BI-5 0.001 3 0.0126
B1-6 0.004 8 0.014 5
B1-7 0.003 1 0.009 7
B2-3 0.000 9 0.003 4
B2-4 0.0115 0.0147
B2-5 0.689 5 0.894 6
B2-6 0.037 4 0.119 8
B2-7 0.022 7 02348
B3-3 0.030 6 0.049 4

H1 10 AT, 24 RUALE B9 6 LAl R A5 5 Il
A TRIA 11 HRIRAF 5 A A TT i RUL S0 4155
I, IR 28 B e /D TAEGE 28 B eqpgee M BE S HD
PEA O M 46 (1) RUL U 25 58, [RIEE 5 1A a-A PR ES
BOEAT IR . a FoR il RUL AT PR 2ER b T
BROIEN 12, 0=20%) , A F7m Il 7R 75 i 45 R B 25 7 11
FHXSEFIRIBE RS o flg 181 12 0, RUL T000 8 R 2 550 ]
HAE T 2 R ZZTE N o R, ZEBNEE R (K 10)
BACHHE PO 2% (1 ey K T ResNet-LSTM 4%, JiF B 4 5
JIT 4R B ) 285 B2 SN IG5 ) T 45

Oy ik — A B G AR SO 5T T 125 B DB o AR S
5 [A) Ho At Al R RUL 800 J7 325 64T PR RE XS LE , £ 45
DA i AR AU 7T gy 2 ] PR AY T R TR
W - O T 0 Y K A T E 42 ) 4% (Macroscopic-
Microscopic-Attention-based Long Short-Term Memory,
MMALSTM) % 28 5 11 Z2 ¢ i A B 27 ~J HIL (Mullti-
Feature Extreme Learning Machine, MFELM) [% %% 5

B0 PP AR AR 11 fTs o TR PERERYITAL =
B BBUHRT R EE (C ) FILEICR(C) o

Cow =y Swlrti) (12)

Cy= (xg—tp)z"'}’f (13)
2wl (i) 155 i 4% RUL 128 v G S [ 5 55 (1A
HRE A, 5 A 20 () RUL 00 (B A XS 52 BR A Y
D 22 s p, NIRHEE BIZEEG ¢, B AR IR I A] 5 (x,, p,)
DR TN R 2 2 ] AL o Al i LRSI BR B P
F1 ARXFHEFEM T EERULGITRARREERER
&

Tab. 11 Cumulative relative accuracy and convergence rates of the

proposed method and other methods for RUL estimation

TR AR MMALSTM  MFELM RS0

S H N " " " .
BRCHA Tgen g fm fm W
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X
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K
i;mli 89937 37482 128657 26279 6744
o
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Remaining useful life prediction of rolling-element bearings based on
cumulative transformation and EResNet-KSLSTM network

PAN Zuozhou' WU Yiding' HU Yicheng® PAN Xiyu' ZHAO Peng' JIANG Fei’
(1. College of Metrology Measurement and Instrument, China Jiliang University, Hangzhou 310018, China)
(2. College of Stomatology, Anhui Institute of Medicine, Hefei 230601, China)
(3. College of Mechanical Engineering, Dongguan University of Technology, Dongguan 523429, China)

Abstract: [Objective] Aiming at the problems of harsh working environment and weak early degradation trend of rolling
bearings, which lead to great difficulty in fault feature extraction and low prediction accuracy, a reinforced diagnosis model
based on cumulative transformation was proposed for the remaining useful life (RUL) prediction of rolling bearings.
[Methods] Firstly, a feature enhancement method based on cumulative transformation was proposed, where the extracted
features were converted into the corresponding cumulative transformation form to improve the sensitivity of the original
features. Secondly, a new health index based on cumulative features was constructed, and the continuous trigger mechanism
algorithm was used to divide the states of the health index to determine the initial fault occurrence point. Finally, the skip
connection module of the ResNet was enhanced and additional calibration channels were added to improve the network’ s
ability to focus on key degradation features, and then the stacked long short-term memory with Kolmogorov-Arnold network
module (KSLSTM) network was used to obtain full spatiotemporal features for the accurate prediction of bearing RUL.
[Results] The results show that the prediction accuracy of bearing RUL in the small-sample training environment is
significantly improved by constructing cumulative transformation features and optimizing the network structure, and the
effectiveness of the method is verified by simulations and tests.

Key words: Rolling-element bearing; Cumulative feature; EResNet; KSLSTM; RUL prediction
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