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Residual Life Prediction for Bearings Based on Bearing Degradation
State Assessment and IGAT-BiGRU Network
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Abstract: Due to the influences of working conditions and operating conditions, the collected sta-
tus monitoring data was interfered with strong noise in full life cycle of rolling bearings, and the bear-
ing operating life degradation was nonlinear, which seriously affected the accuracy of residual life pre-
diction. So, a bearing residual life prediction method was proposed based on a joint high-precision FPT
degradation state evaluation and an IGAT-BiGRU network, and the XJTU-SY full life cycle bearing
dataset was used to verify the effectiveness of the proposed method. The results show that the pro-
posed prediction method may effectively capture the deep spatiotemporal features that characterize the
bearing degradation states, and significantly improve the residual life prediction accuracy, compared
with methods such as CNN-LSTM.

Key words: rolling bearing; first predicting time(FPT); residual life prediction; improved graph
attention bidirectional gate recurrent unit(IGAT-BiGRU)
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bearing denoising

5 (K ,a) 5 (K ,a)
Bk 1-1 (4,1899) Bk 2-5 (7,2403)
Bk 1-2 (10,1220) 7R 3-3 (8,2500)
ik 1-3 (10,1200) Tk 3-4 (9,2500)
MR 2-2 (5,125) AR 3-5 (9,168)
TR 2-4 (10,395)
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Tab.4 Initial fault point identification results of

XJTU-SY dataset bearing min
T | Ror | K ) 2 3 A 2 W e e i 10
1-1 123 64 77
1 1-2 161 49 35
1-3 158 54 59
2-2 161 52 46
2 2-4 42 26 30
2-5 339 144 122
3-3 371 330 340
3 3-4 1515 1416 1418
3-5 114 6 7
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HOHE R OF S 2 AN — 008 R 1 00 25 g B
BRI o IR MRS R 30 1 Ak 09— b DL F g B L
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Vo = i (25)
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Tab.5 Experimental dataset division of XJTU dataset

%5 Il 24 4 R4
1 Bk 1-1. 5K 1-2 R 1-3
2 Bk 2-2 ik 2-5 K 2-4
3 7k 3-3 .l 7K 3-5 K 3-4
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Fig.9 RUL prediction plot for 3 bearings
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Fig.10 Bearing 1-3 timing feature visualization results
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Tab.6 Experimental results of different composition methods based on XJTU-SY dataset

MAE RMSE R?
fr 1L — FiifE 22 L b 22 L S praes | /S
2 JRiEi | FPT AiB1k 4 JRiBfL | FPT fiB1k JaiBfE | FPT B4k
5t 4= [# 0.093 0.123 0.009 0.113 0.139 0.008 0.905 0.841 0.016 17.71
K ¥z 45 1 0.103 0.134 0.011 0.122 0.144 0.014 0.844 0.796 0.024 18.45
Pl 0.104 0.136 0.011 0.124 0.142 0.013 0.870 0.801 0.018 17.52
% & 0.032 0.038 0.006 0.042 0.048 0.005 0.984 0.971 0.006 15.79
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Fig.11 Comparison of the proposed model with the effect of ablation analysis
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Tab.7 Comparison of the results of ablation experiments for each bearing

MAE RMSE R?
LR A el e B e B | mEE /s
42 )R FPT /& | #RifE2 | &% | FPT & | #nifE%E | &) | FPT & | frifiz
Bk Bk B B1E Bk B 1k
GATv2- 1-3 0.065 0.073 0.027 | 0.078 | 0.085 0.025 | 0.859 | 0.811 0.052 17.14
BiGRU- 2-4 0.081 0.132 0.016 | 0.107 | 0.159 0.013 | 0.883 | 0.730 0.029 17.86
Concontrate 3-4 0.042 0.123 0.015 | 0.061 | 0.154 0.014 | 0.810 | 0.730 0.089 33.42
GATv2- 1-3 0.106 0.127 0.020 | 0.127 | 0.148 0.019 | 0.852 | 0.733 0.041 17.91
BiLSTM- 2-4 0.091 0.143 0.012 | 0.126 | 0.172 0.007 | 0.837 | 0.674 0.018 20.21
CrossAttention 3-4 0.048 0.096 0.009 | 0.068 | 0.143 0.007 | 0.767 | 0.730 0.051 34.80
S B B4 1-3 0.110 0.167 0.013 | 0.130 | 0.209 0.015 | 0.796 | 0.646 0.047 19.57
IGAT-BGRU 2-4 0.129 0.178 0.015 | 0.155 | 0.208 0.014 | 0.727 | 0.647 0.055 20.72
3-4 0.117 0.139 0.082 | 0.141 | 0.165 0.327 | 0.761 | 0.711 0.127 33.26
R W 1-3 0.112 0.114 0.089 | 0.127 | 0.127 0.117 | 0.847 | 0.803 0.131 17.84
IGAT-BIGRU 2-4 0.142 0.194 0.062 | 0.126 | 0.223 0.107 | 0.837 | 0.604 0.078 18.45
3-4 0.106 0.125 0.049 | 0.087 | 0.155 0.079 | 0.867 | 0.728 0.079 34.37
1-3 0.032 0.038 0.006 | 0.042 | 0.048 0.005 | 0.984 | 0.971 0.006 15.79
IGAT-BIGRU 2-4 0.026 0.050 0.004 | 0.039 | 0.060 0.007 | 0.985 | 0.957 0.018 18.24
3-4 0.020 0.056 0.012 | 0.028 | 0.069 0.003 | 0.960 | 0.948 0.009 30.31
3.4.4 BB e 3 HOSREE = 8 /i RUL #lN 0y PEMr #6845 . MR 8 Hhiml

h E W56 E AR AY B BE L BF IGAT-BIGRU ## PIE 1, IGAT-BIGRU #i A B4 ¥ {t i1 MAE,

B 5 CNN-LSTM™ | GAT-LSTM'™® | GAT- RMSE #1 R* , HA J7 % B 8 4 i Fa e 4 L Sk B
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Fig.12 Lifetime prediction curves of the proposed model and three mainstream models
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Tab.8 Comparison of test results for each bearing

MAE RMSE R?

321 A sl . B - Gl - At ] /s
&R FPT /& | #RifEZ | &% | FPT & | #iE%E | &% | FPT & | feifi

B 1k Bk Bk Bk Bk Bk
1-3 0.125 0.131 0.022 | 0.145 | 0.162 0.023 | 0.809 | 0.680 0.060 | 26.46
CNN-LSTM 2-4 0.076 0.136 0.007 | 0.106 | 0.163 0.008 | 0.885 | 0.565 0.020 7.63
3-4 0.085 0.217 0.012 | 0.106 | 0.253 0.012 | 0.765 | 0.588 0.109 17.62
1-3 0.143 0.159 0.027 | 0.162 | 0.184 0.029 | 0.785 | 0.584 0.075 8.21
GAT-LSTM 2-4 0.093 0.163 0.012 | 0.129 | 0.198 0.016 | 0.799 | 0.527 0.050 6.46
3-4 0.114 0.208 0.020 | 0.127 | 0.232 0.015 | 0.801 | 0.599 0.034 | 34.07
1-3 0.128 0.153 0.023 | 0.147 | 0.171 0.019 | 0.830 | 0.642 0.030 11.25
GAT-TCN 2-4 0.112 0.132 0.011 | 0.125 | 0.155 0.007 | 0.823 | 0.711 0.021 9.71
3-4 0.059 0.132 0.009 | 0.070 | 0.160 0.014 | 0.784 | 0.714 0.038 | 41.17
1-3 0.032 0.038 0.006 | 0.042 | 0.048 0.005 | 0.984 | 0.971 0.006 15.79
IGAT-BIGRU 2-4 0.026 0.050 0.004 | 0.039 | 0.060 0.007 | 0.985 | 0.957 0.018 18.24
3-4 0.020 0.056 0.012 | 0.028 | 0.069 0.003 | 0.960 | 0.948 0.009 | 30.31

1570 -



e Bl 7 TR A R ST RS HE 1T T R 0 LI 1D 0 B B0 ) 2% B4 Bl R R A i T —— R 1R

PUE AT N R SO

1) g Pl ] i AR 3 45 5 =2 (8] 4 B[] 4 At
KA P TSI Al 4R N ] AR AT ) E ) R
T 500 ) A A7 A BRORGJE

2) X BRI 2 15 5 19 Bl & RRAE#E AT FPT B
A 5P T3 AT R 6 4 B Al R A R AR 2 4R

1o AR ] % 5 i 1 TR

3 IGAT-BIGRU ™ 4% 32 4 Ik 3h 5
5 Z 1R B Y I A R G AR L T Bl R R A A A
2 2R R L 1 il 7R R Ak ) AR L 3 5 T AT AR X IR
LS B ) R 2D AR T A R M R
B Ak B B A2 4 1 fg

B Z WK

(1] &oRSE, Ak, 4Rai ik, 55, 2L T I3f47 £ 38 E £ R

A I A2 W 2% 1 Bl R A A S0 Oy = LT, o B AL
WA, 2020, 31(20):2454-2462,
ZENG Dayi, YANG Jihong, ZOU Yisheng. et al.
Bearing Life Prediction Method Based on PMCCNN-
LSTML[]J]. China Mechanical Engineering, 2020, 31
(20) :2454-2462.

[2] YAN Bingxin, MA Xiaobing, HUANG Guifa, et
al. Two-stage Physics-based Wiener Process Models
for Online RUL Prediction in Field Vibration Data
[J]. Mechanical Systems and Signal Processing,
2021, 152.:107378.

[3] KONG Xuefeng, YANG Jun. Remaining Useful
Life Prediction of Rolling Bearings Based on RMS-
MAVE and Dynamic Exponential Regression Model
[J]. IEEE Access, 2019, 7:169705-169714.

[4] ZHU Jun, CHEN Nan, SHEN Changqing. A New
Data-driven Transferable Remaining Useful Life
Prediction Approach for Bearing under Different
Working Conditions [ ] ]. Mechanical Systems and
Signal Processing, 2020, 139:106602.

(5] #/hA&, LEHE. £ TG CNN 1R 3 & F

A BT, AN TR L 2021, 40(3) :62-
67.
YANG Xiaodong, JI Guoyi. Remaining Useful Life-
time Prediction Method of Rolling Bearing Based on
Fusion-CNN[]]. Foreign Electronic Measurement
Technology, 2021, 40(3):62-67.

(6] AfTHE&, thA, sk, & BT HEEIIH M
CNN-BiLSTM #A (¥) 7 5y fih 7K ) 4% 75 iy B0 LT .
¥igh ) LA, 2023, 44T 2) :33-38.

FU Guozhong, DU Hua, ZHANG Zhigiang. et al.
Remaining Useful Life Prediction of Rolling Bear-
ings Based on Attention Mechanism and CNN-BilL.-

[7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

STM[]J]. Nuclear Power Engineering, 2023, 44
(S2):33-38.

EE#, 200, BEsrum, 5. 254 CNN I LSTM
V14 VR ) il 2R R 4 ) A7 i 0 O vk D], R 2 It
Hi2W, 2021, 41(3):439-446.

WANG Yujing, LI Shaopeng, KANG Shougiang,
et al. Method of Predicting Remaining Useful Life
of Rolling Bearing Combining CNN and LSTM[]].
Journal of Vibration, Measurement &. Diagnosis,
2021, 41(3) :439-446.

WANG Biao, LEI Yaguo, LI Naipeng, et al. Deep
Separable Convolutional Network for Remaining
Useful Life Prediction of Machinery[ ] ]. Mechanical
Systems and Signal Processing, 2019, 134:106330.
ZHU Jun, CHEN Nan, PENG Weiwen. Estimation
of Bearing Remaining Useful Life Based on Multi-
Network [ J ]. IEEE
2019, 66

scale Convolutional Neural
Transactions on Industrial Electronics,
(4):3208-3216.

WRHE . THE. B, 45, RIS MR & I )7 o 3K
) 1) 2 A R A A P A A RO 5 s () 0. BLBR TR 2
. 2023, 59(12):183-194.

SHEN Tianhao, DING Kang, LI Jie, et al. Graph
Structure and Temporal Data Driven Remaining
Useful Life Prediction Method for Machinery[]].
Journal of Mechanical Engineering, 2023, 59(12) .
183-194.

VELIKOVI P, CUCURULL G, CASANOVA A,
et al. Graph Attention Networks[J]. arXiv, 2018
1710.10903.

BRODY S, ALON U, YAHAV E. How Attentive
Are Graph Attention Networks? [ ] ].
2021:2105.14491.

DRAGOMIRETSKIY K, ZOSSO D. Variational
Mode Decomposition [ ] ]. IEEE Transactions on
Signal Processing, 2014, 62(3):531-544.

WANG Jun, WANG Wenchuan, HU Xiaoxue, et

arXiv,

al. Black-winged Kite Algorithm:a Nature-inspired
Meta-heuristic for Solving Benchmark Functions
and Engineering Problems [ J]. Artificial Intelli-
gence Review, 2024, 57(4):98.

GUO Xin, TU Jiesong, ZHAN Shengpeng, et al.
A Novel Method for Online Prediction of the Re-
maining Useful Life of Rolling Bearings Based on
Wavelet Power Spectrogram and Transformer
Structure [ J ]. Engineering Research Express,
2023, 5(4):045074.

KILLICK R, FEARNHEAD P, ECKLEY I A.
Optimal Detection of Changepoints with a Linear
Computational Cost[J]. Journal of the American

2012, 107 (500): 1590-
+ 1571 -

Statistical Association,



R EALAE TR 45 36 & 55 7 2025 4E 7 A

[17]

(18]

(19]

[20]

[21]

[22]

1598.

oA, EAL BRI, . LT R A 5 o R
B TR 2% 1) 7 Sy b gl 2 B (). 3 A il 3 4
A, 2023(3):48-50.

ZUO Dong, HUANG Zhao, CHEN Ming, et al.
Fault Diagnosis of Rolling Bearing Based on Gram
Angular Field and Improved Graph Convolution
Network[J]. Equipment Manufacturing Technolo-
gy, 2023(3):48-50.

BOALAE . 20, i, . AT ZHRFHERRS
9 BLAR i e 12 W 7 9k [0 ). A3 9l LA, 2021, 49
(2):60-67.

DUAN Lixiang, LI Tao, TANG Yu, et al. Me-
chanical Fault Diagnosis Method Based on Multi-
source Heterogeneous Information Fusion[J]. Chi-
na Petroleum Machinery, 2021, 49(2) :60-67.
W, TN B, IR T EG AR IR
Sl Al R R R AR SRR 7 vk [T ). A A g o k.
2018, 33(8):2033-2040.

GAOQO Yiyuan, YU Dejie, WANG Haojiang, et al.
Fault Feature Extraction Method of Rolling Bear-
ing Based on Spectral Graph Indices[J]. Journal of
Aerospace Power, 2018, 33(8):2033-2040.
WANG Biao, LEI Yaguo, LI Naipeng, et al. A
Hybrid Prognostics Approach for Estimating Re-
maining Useful Life of Rolling Element Bearings
[J]. IEEE Transactions on Reliability, 2020, 69
(1):401-412.

WM, #RT, £, . XJTU-SY R 3h4Rim
A i g R AR R LT ). ML AR R, 2019,
55(16) :1-6.

LEI Yaguo, HAN Tianyu, WANG Biao, et al.
XJTU-SY Rolling Element Bearing Accelerated
Life Test Datasets:a Tutorial[ J]. Journal of Me-
chanical Engineering, 2019, 55(16) :1-6.

KW, &M, B0 A, . BT A& N A I [E
A B 2% 1 0 4 o A i T vk L) ). de st T
RAEZEMCASRBLE D, 2024, 51(3) :76-87.
SONG Liuyang, JIN Ye, GUO Xudong, et al. Re-
maining Useful Life Prediction Based on an Adap-
tive Weight Temporal Convolutional Network[ ] ].

Journal of Beijing University of Chemical Technol-

1572 «

ogy (Natural Science Edition), 2024, 51(3):76-

87.
[23] LI Tianfu, ZHOU Zheng, LI Sinan, et al. The E-
merging Graph Neural Networks for Intelligent
Fault Diagnostics and Prognostics:a Guideline and
a Benchmark Study[]]. Mechanical Systems and
Signal Processing. 2022, 168:108653.
[24] ZHOU Jianzhong, SHAN Yahui, LIU Jie, et al.
Degradation Tendency Prediction for Pumped Stor-
age Unit Based on Integrated Degradation Index
Construction and Hybrid CNN-LSTM Model [ ] ].
Sensorss 2020, 20(15) :4277.
TR, XV, JR L. BT I ) I % Y
RPN A A7 o T s [T ]. MLAR AR 24 4R, 2023,
59(12):195-201.
YANG Chaoying, LIU Jie, ZHOU Kaibo. Path
Graph Attention Network-based Bearing Remai-
ning Useful Life Prediction Method[ J]. Journal of
Mechanical Engineering, 2023, 59(12):195-201.
EMWR X R, fRAd, S5 % T R ) A (A
B ER 26 1 KU U 8 A AR TR ik L0, il
AR 2023, 37(8):204-213.
WANG Pengfei, LIU Changliang., XU Jian, et al.
Wind Turbine Gearbox Fault Warning Method

[25]

[26]

Based on Graph Attention and Temporal Convolu-
tional Network[ ] ]. Journal of Electronic Measure-
ment and Instrumentation, 2023, 37(8):204-213.

(mE K H

EEBN . RE24,5,1974 44, @l 882, 0L BF o A4 S0 . B
SET7 A 7 R A B MRS . & R ST 50 K. E-mail:
sgliin@163.com. ¥ & GEfFIEZ) . F,1987 454, YEIm, i
ARG A I, WS T 0 S ML AR S I S seiE . kR
W 13 %%, E-mail:yu_xin@cqut.edu.cn,

A SCEIHRE K

RZER, XUFSAR 3 T, 45 T il 0 38 IR 28 D Al R g ol 8 i
FIR G PR BT M 45 LT ). o B LA TR, 2025, 36 (7):
1562-1572.

SONG Lijun, LIU Songlin, XIN Yu, et al. Residual Life Predic-

and IGAT-BiGRU Network[]]. China Mechanical Engineering,
2025, 36(7):1562-1572.



