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Tab.3 Comparison and analysis of the health indicator performance
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Fig.7 Remaining useful life prediction results of the bearing 1-4
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Tab.4 Comparison of remaining useful life prediction results for different health indicators
DRSN-ADA ResNet PCA
R
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1-3 2.79 2.36 1.05 10. 53 9.65 -6. 69 13.52 12.26 -15.07
1-4 2. 66 2.45 1.1 4.43 3.09 -2.21 11.38 10. 51 -13.78
1-5 1.98 1.76 0.92 13. 64 10. 84 -5.22 64.77 13.94 -11.87
2-3 2.08 1.77 0.9 4.86 4.25 0.04 12.29 32.24 -41.33
2-4 3.23 2.81 1.13 7.51 5.22 0.43 52.47 28.28 -4.51
2-5 3.5 3.22 1.01 18.34 16. 04 -15.13 49.5 24.38 -25.9
3-3 2.94 2.27 0.99 3.57 2.86 0.59 40. 63 9.15 -6.34
3-4 1.78 1.55 1.15 12. 16 11.86 0.57 26.2 38.01 -2.39
3-5 1.75 1.55 1.16 6.96 6.05 1.32 14.33 10. 51 -4.89
YfE 2.52 2. 19 0. 86 3.62 3.15 0.75 6.50 5.87 -0.75
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Tab.5 Remaining useful life prediction results of the test bearing
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Life prediction method of rolling bearings based on DRSN-ADA

WANG Hengdi' CHEN Peng' WANG Haokui' WU Shengde’ MA Yingfeng’
(1. School of Mechatronics Engineering, Henan University of Science and Technology, Luoyang 471003, China)
(2. Yancheng Quality Technical Supervision Comprehensive Inspection and Testing Center, Yancheng 224000, China)
(3. Ningbo Zhongyi Intelligent Co., Ltd., Ningbo 315701, China)

Abstract: [Objective] A health state assessment method combining deep residual shrinkage network (DRSN) and
adversarial domain adaptation (ADA) was proposed to address the problems of vibration signal noise interference and
inconsistent data distribution under different working conditions in the remaining useful life (RUL) prediction of rolling
bearings, so as to improve the accuracy and generalization ability of RUL prediction. [Methods] Firstly, a health state assessment
model combining deep residual shrinkage network and adversarial domain adaptation was constructed. The performance of
DRSN in avoiding noise in vibration signals and adaptively extracting bearing degradation features was utilized to build the
health indicator curve. Then, ADA was used to align the distribution of health indicators between the test set and the training set,
so as to eliminate the difference in data distribution under different working conditions. Finally, the health indicators output by
the DRSN-ADA model were input into the convolutional long short-term memory (ConvLSTM) network model, and the
accurate RUL prediction of rolling bearings was realized. [Results] In the XJTU-SY dataset and engineering tests, the health
indicators constructed by DRSN-ADA are superior to the comparison methods in monotonicity, robustness and correlation, with
their mean values reaching 0.61, 0.97 and 0.98 respectively. The mean values of mean squared error (MSE) and mean absolute
error (MAE) of the RUL prediction results are 2.52% and 2.19% respectively, and the average score is 0.86, which is
significantly better than the DRN, principal component analysis and root mean square (RMS) methods. These results verify the
effectiveness of the proposed method in noise suppression and cross-working condition prediction.

Key words: Rolling bearing; Deep residual shrinkage network; Adversarial domain adaptation; Health indicator; Life
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Analysis of new starting curve and dynamic characteristics of long-distance
belt conveyors

YUAN Yuan' KOU Junxiong' ZHOU Lidong’
(1. College of Vehicle and Traffic Engineering, Taiyuan University of Science and Technology, Taiyuan 030024, China)
(2. College of Mechanical Engineering, Taiyuan University of Science and Technology, Taiyuan 030024, China)

Abstract: [Objective] To address the longitudinal vibration of long-distance belt conveyors during starting, the dynamic
equations of the belt conveyor were established based on the analysis of the viscoelastic properties of the conveyor belt. Taking a
practical long-distance belt conveyor as an example, a dynamic simulation model was constructed using AMESim software to
study the starting acceleration curve and loading time. [Methods] The effects of common starting curves on the dynamic tension
of the conveyor belt were analyzed, and a new combined starting curve (sine+parabolic) was proposed. The curve was optimized
by introducing a creep phase and adjusting the pre-starting speed. The tension variations under different loading times were then
analyzed. [Results] The results show that the optimized sine and parabolic starting curve reduces the maximum tension of the
conveyor belt by 5.8% compared with the commonly used sine acceleration curve. Furthermore, loading materials after stable op-
eration effectively reduces the tension impact and extends the service life of the conveyor belt.

Key words: Belt conveyor; Starting curve; AMESim; Maximum tension; Dynamic characteristic; Load (h#. F5)



