5538 4 6 1 w % T £ ¥ #H Vol. 38 No. 6
20254 6 H Journal of Vibration Engineering Jun. 2025

TRESTRFIWHNNEBLE S EEIZH T X

WEE, OB BFB, AL B, EWEL M OB, REE

(1 bt 3 TR S 2427 B, JL 3T 1000815 2. P& R 2% 15 Ui 25 45 MM % 3l 4 B o f S2 00 %=, 1 K 400044;
3 A6 FE TR 2E R Lo Be, T FE L 063015; 4. P95 55 —HLAR A By A FRAS )L, I 58 403k 014032;
5. R ENIM TR R, dJbaT 100084)

>

T LA A A I I TR Al e ool 3 S Y R =X, SR IR W R 5 22 o) S BB IS T RE 4R L T I R R . 26
B ik o o] UR Bl B 2 B 8 BB AL W B0 R D v o 4 A o 4 A R A PR IR BRI T — R R AR, (B BUA S A 2 ST O R M LA i B 5 T
DLAE TN W RO T B2 WA SR . D i, AR SCHR R DT 2RI 4 G B o o) BR S 9 RS SR B R BB S Wi Oy vk o il AR IR S Bk 22
P 45 5 2 AR B 1 R AT S BB, BTt T S SR R R AT B B, S S A S [ 2 R O AR AR AR IS R s 4 S AR IT
5 G ARZE AU, T 2 GO ZE R R I, i DR BT R 12 W SR B GO S M AL o T ) SE AR R A S B
SEOJRESR, RN T ORI B S HCE I AL, RSB A R BT S Mz AT RE . TP R T 9 A% 3 R GBI S0k, S5 R R
WA [ 388 B 3 B 12 W7 3 3 T T 48 07 16 9 B2 RS B R 94.96%, V- 2138 15 0N 3.85%, 18 T i Wy 26 1 B2 2] T vk, N ST
e A T i S 0D R L () 2 B 0 R U RS TR AR T DL A

KR KGR EEILW; IS B F 2T JuE S ARG, I
FES2ES: TH165™.3 XERFRERD: A XEH S 1004-4523(2025)06-1270-10
DOI: 10.16385/j.cnki.issn.1004-4523.2025.06.015

Meta-class-incremental transfer learning method for cross-domain lifelong

intelligent diagnosis

LIN Cuiying', CHEN Ke"*, LYU Yufan', KONG Yun"*’, DONG Mingming', LIU Hui', CHU Fulei’

(1.School of Mechanical Engineering, Beijing Institute of Technology, Beijing 100081, China; 2.State Key Laboratory of Mechanical
Transmission for Advanced Equipment, Chonggqing University, Chongqing 400044, China; 3.Tangshan Research Institute,
Beijing Institute of Technology, Tangshan 063015, China; 4.Inner Mongolia First Machinery Group Co., Ltd., Baotou 014032, China;

5.Department of Mechanical Engineering, Tsinghua University, Beijing 100084, China)

Abstract; New fault modes will continuously emerge in the long-term operation and service process of machinery equipment, which poses
higher requirement of the continual learning and lifelong diagnosis capability for intelligent diagnostic models. Lifelong intelligent diagnosis
technology driven by class-incremental learning provides new approaches to ensure the full lifecycle safe operation of high-end equipment.
However, existing class-incremental learning methods cannot address the problem of efficient incremental transfer diagnosis under the
circumstance of cross-operating conditions. To this end, this paper proposes a cross-domain lifelong intelligent diagnostic method driven by
meta-class-incremental transfer learning. An enhanced feature extractor is developed via integrating deep residual networks with a convolutional
block attention feature fusion module to achieve deep feature extraction and fusion across channel and spatial dimensions. A multi-level
knowledge distillation strategy is constructed through combining feature-level and decision-level knowledge distillation mechanisms to
effectively address catastrophic forgetting issues in incremental transfer diagnostic scenarios. A meta-class-incremental parameter learning
mechanism is proposed by innovatively incorporating the idea of meta-learning into class-incremental learning framework, thus improving the
model generalization ability for incremental transfer diagnosis. Experiment validations were conducted on subway train transmission system test
rig. Results show that the proposed method achieves an average diagnostic accuracy of 94.96% and an average forgetting rate of 3.85% across

different incremental transfer diagnostic scenarios, and outperforms state-of-the-art class-incremental learning methods, offering insights for
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achieving lifelong intelligent fault diagnosis in full lifecycle health management of high-end equipment.

Keywords: lifelong intelligent diagnosis; class-incremental learning; meta-learning; knowledge distillation; transfer learning
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Fig.1 Problem description of the meta-class-incremental

transfer diagnosis
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Fig. 2 The architecture of meta-class-incremental transfer learning model
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Fig. 4 Experimental platform of subway train transmission system and nine faulty states
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Tab.3 Class-incremental task settings of subway train

transmission system dataset
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Tab.4 Diagnosis accuracies across different class-incremental transfer diagnosis scenarios( Unit: %)
- FHhEE RIS
20 Hz—60 Hz 40 Hz—60 Hz 60 Hz /+10 kN—60 Hz 60 Hz/~10 kN—60 Hz S WK
MCITL 92.10::2.02 95.96+1.21 95.74+1.16 96.02+1.16 94.96+1.65
iCaRL 87.98+3.31 92.81+4.53 90.20+4.71 92.03+3.87 90.76+1.86
WA 86.66+2.87 94.36+1.89 92.20+3.57 93.34+4.75 91.64+2.97
Replay 84.58+2.74 93.00+1.61 94.07+1.36 92.59+4.06 91.06+3.78
DER 87.54+2.87 91.11+3.96 93.9742.72 94.88+1.97 91.86+2.85
Finetune 45.59+0.03 45.72+0.08 45.72+0.13 45.67+0.07 45.68+0.05
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Fig.5 Average diagnosis accuracies of various methods across

four class-incremental transfer diagnosis scenarios
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Fig. 6 Cross-task diagnosis accuracies of various approaches in

the transfer diagnosis scenario from 20 Hz to 60 Hz
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Tab.5 Forgetting rates of different methods across four class-incremental transfer diagnosis scenarios( Unit: %)

ik KT R 5
20 Hz—60 Hz 40 Hz—60 Hz 60 Hz /+10 kN—60 Hz 60 Hz/~10 kN—60 Hz EHBR
MCITL 5.33+0.87 2.8420.68 3.88+1.17 3.35+0.99 3.85+0.93
iCaRL 6.1420.50 3.56+1.04 5.5942.07 2.60+0.55 4.47+1.45
WA 6.39+1.08 3.26+0.74 4.39+1.39 2.69£1.25 4.18+1.41
Replay 7.361.70 3.79+1.45 4.15+0.86 3.51£1.52 4.70+1.55
DER 6.24+2.21 4.93+1.32 3.65£1.57 3.51+1.09 4.58+1.11
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Fig.7 Average forgetting rates of different methods across four

class-incremental transfer diagnosis scenarios
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Tab. 6 Diagnosis accuracies for ablation experiment across four class-incremental transfer diagnosis scenarios( Unit: %)

eSS SR AT [ h
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MCITL 92.10+2.02 95.96+1.21 95.74+1.16 96.02+1.16 94.96+1.65
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T3 89.97+1.95 93.02:+1.54 93.09+3.09 94.54+1.48 92.66+1.66
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Tab.7 Forgetting rates for ablation experiment across four class-incremental transfer diagnosis scenarios( Unit: %)
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