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Remaining life prediction of different types of rolling bearings based
on subspace domain adversarial discrimination network
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Abstract: A residual life prediction method for different types of rolling bearings is proposed based on the subspace domain adversarial
discriminant network ( SDADN) to address the issue of inconsistent distribution and characteristic scales of bearing degradation data
caused by differences in structural dimensions, operating conditions, and other factors, leading to a decrease in life prediction accuracy.
Firstly, the feature extractor can adaptively obtain deep degradation features for different types of rolling bearings by using an efficient
channel attention mechanism to enhance the weight of important features in each channel and is used to train the label predictor. Then,
in the asymmetric feature mapping framework, the domain discriminator and feature extractor are adversarially trained to minimize the
orthogonal basis distance between the source and target domains in the representation subspace. By utilizing the property that the
orthogonal basis in the representation subspace is not affected by feature scaling, the regression performance degradation caused by
excessive feature scale changes is reduced, and domain adaptation among different types of rolling bearings is achieved. Finally, the
trained feature extractor is used to extract the degradation features of the bearing, and the remaining lifespan is obtained by inputting
them into the label predictor. The proposed method was validated on PRONOSTIA, XJTU-SY, and self-test datasets, and the
experimental results showed that it can fully learn the distribution information of source domain features, effectively overcome the feature
scale differences under different models, and improve the performance by 20% to 40% compared to other domain adaptive methods.
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Fig. 1 Feature extractor structure
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Table 1 Parameters for SDADN

[E2R JZ# W 28 25K 24
1 4e 5 B= Kernel 13, stride:3, channel ;32
SN K= Kernel;5, stride:5
1 A BBZ Kernel ;9, stride:2, channel:16
KL ZE Kernel ; 2, stride ;2
G(f) P HLAR 3% Dropout rate:0. 4, channel: 16
ECA %8228t 1 Kernel:12, dilation rate:1, channel:16
ECA 3% 28t 2 Kernel;5, dilation rate:2, channel ;8
ECA 5% 23 3 Kernel :3, dilation rate:4, channel:4
SR Channel : 300
EsuEid| Channel ;512
) REEE 2 Channel : 1
HEEZE 1 Channel ;200
G(d)

LEEZ 2 Channel ; 1
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Table 2 Bearing conditions and numbers

G 7k 5 fi#k/kN 34/ rpm REERTE/s  REESIR/kHz KRS &5
Bearingl _1~1_7 4 1 800
PRONOSTIA 0.1 25.6 C61804 A
Bearing2_1~2_7 4.2 1 650
Bearingl _1~1_5 12 2 100
XJTU-SY 1.28 25.6 LDK UER204 B
Bearing2_1~2_5 11 2 250
Bearingl _1~1_3 5 1 000
ERIE & 4 25.6 C36018 C
Bearing2_1~2_3 5 3 000
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Table 3 Training objectives for bearings

Bn AU WZERR  VIZREEE (I Y AfrE)  BikddiE

5 1 Al-1~A1-7Y B1-1,B1-2 B1-3
f£55 2 Al-1~A1-7Y B2-1,B2-2 B2-3
1% 3 A2-1~A2-7V B1-1,B1-2 B1-3
AN FFER 115 4 A2-1~A2-7Y B2-1,B2-2 B2-3
HiusE %5 Bl-1~B1-5V Al-1,A1-2 Al-3
1% 6 B1-1~B1-5Y A2-1,A2-2 A2-3
1% 7 B2-1~B2-5Y Al-1,A1-2 Al1-3
15 8 B2-1~B2-5V A2-1,A2-2 A2-3
1155 9 Al-1~A1-7Y Cl-1,C1-2 C1-3

EHIES 1£% 10 Al-1~A1-7Y C2-1,C2-2 C2-3
A CITE S 1155 11 B2-1~B2-5Y C1-1,C1-2 C1-3
f£55 12 B2-1~B2-5Y C2-1,C2-2 C2-3

™ 4538 4T 5 I 85 R Python+T0rch,1'jE1'JC%§%ﬂﬁé$
2130.01, BN T 0.5, 3k E B A0 %k 30, X Ly ik
BIPEAL AR Adam , WG4 215 0. 01, it &8 200, H4x
0 24 58 440 5 iR I 45 A T 4 2L 92 56 T R 06 AIE S5 OO
B, SR MMD 1B A 4538 8] 43 76 22 5 1 PEAS 46 b, 2
UF .

MMD=sup(%2f(x,-) —%Zf(y,-)) (14)
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JT MR 2 (root mean square deviation, RMSE) VE K T 25
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n L=
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Fig.5 Comparison of different feature extractors
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Table 4 Comparison with related methods
ik e E% 1 fB%52 {53 %4 155 B%6 157 {458 {159 510 1% 11 {15 12 FHE
A3 MAE 0.07 0.10 0.07 0.09 0.11 0.11 0. 08 0. 08 0. 08 0.11 0.13 0.12 0.09
Jiik RMSE 0.08 0.12 0. 08 0.11 0.14 0.14 0.12 0.13 0.10 0.13 0.15 0.14 0.12
MAE  0.09 0.11 0.08 0.10 0.14 0.13 012 0.14 0.10 0.14 0.14 0.13 0.12
SETCN
RMSE 0. 10 0.13 0. 10 0.12 0.16 0.16 0.14 0.16 0.12 0.16 0.17 0. 16 0.14
MAE  0.11 0.11 0.10 0.09 015 015 0.16 0.15 0.11 0.15 0.17 0.15 0.13
TCN
RMSE 0.13 0.14 012 0.12 0.18 0.17 0.18 0.17 0.14 0.17 0.19  0.17 0.16
MAE 0.18 0.15 0.15 0.18 0.20 0.21 0.16 0.22 0.16 0.22 0.23 0.22 0.19
LSTM
RMSE  0.21 0.19 0.18 022 024 0.26 0.21 0.26 0.19 0.25 0.27 0.26 0.23
GBI, TR AR SC T 4R T R I £ A [ 60 Ko I . 030
PRI . . , e ' B 025
TR 11T B U AT 9 4 e iR AL AT, A B A 2020 f\ R 2025
~ 0.15p = A ¥ 0.15
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- a) Before domain adaptation (b) Proposed method
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Fig. 6 Comparison of prediction before and after

domain adaptation
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HES e 25, DR M VR sk AR A A oA & A B AR, (HL H Bk
B A7 ) R [R] , B frdekr: =) BRI A 20 A0 45405 B

P 7 Jol L MR
Fig.7 Comparison of Domain Adaptation Before and After
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Table 5 Comparison with related methods
UIRES fabr  HEH 1 52 HE53 E54 £S5 56 HEFT HES8 EF9 510 £5 11 E5 12 TFHIE
A3 MAE 0.07 0.10 0.07 0. 09 0.11 0.11 0.08 0. 08 0. 08 0.11 0.13 0.12 0.09
Jrik: RMSE 0. 08 0.12 0. 08 0.11 0.14 0.14 0.12 0.13 0.10 0.13 0.15 0.14 0.12
MAE 0.10 0.11 0.09 0.11 0.15 0.13 0.10 0.11 0.11 0.12 0.15 0.13 0.12
DANN
RMSE 0.12 0. 14 0.11 0.14 0.19 0.16 0.13 0.14 0.13 0.14 0.17 0.16 0.14
MAE 0.18 0.14 0.16 0.11 0.16 0.13 0.18 0.21 0.15 0.16 0.18 0.16 0.16
WD RMSE 0.21 0.17 0.19 0.14 0.22 0.18 0.20 0.24 0.17 0.18 0.20 0.19 0.17
MAE 0.16 0.11 0.11 0.09 0.15 0.15 0.16 0.14 0.12 0.13 0.15 0.14 0.13
PRSY RMSE 0.18 0.14 0.15 0.12 0.18 0.17 0.18 0.16 0.14 0.16 0.17 0.16 0.16
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Fig. 8 Prediction effects comparison of different methods
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Table 6 Comparison with other model results
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