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Abstract: As a key component of modern manufacturing industry, rolling bearings directly affect
the remaining useful life (RUL) of corresponding mechanical equipment. Consequently, in the
field of Prognostics and Health Management (PHM), the prediction of rolling bearings has
become an increasingly crucial research area. Currently, the data-driven methods of bearing RUL
mainly focus on extracting features and constructing health indicator (HI) . However, the process
of selecting and fusing features still relies on the prior knowledge of experts, and the health factors
are difficult to extract from complex time series. Therefore, this research proposes a new data-

driven remaining useful life prediction algorithm. In terms of feature extraction, the sensor vibra-
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tion signal is converted into a time-frequency image by continuous wavelet transform (CWT) .

After that, a Temporal Convolutional Network (TCN) is adopted to construct health factors. We

evaluate the proposed method with the existing data-driven methods on a real bearing dataset pro-

vided by PRONOSTIA, and the results shows that our method is able to achieve higher accuracy

without intensive labor.

Key words: Image recognition; Remaining useful life; Continuous wavelet transform; Convolu-

tional neural network; Temporal spacial convolutional network
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Fig. 1 Hierarchical framework of bearing RUL system
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Fig. 2 Bearing 1-1 time-spectrogram
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Tab. 2 Comparison results of this research and related researches in the PRONOSTIA dataset
Kt 4 B RUL/s i RUL/s Er,t9] Er,[16] Er 17
K 1-3 5730 5 808. 45 —1.37 7.62 54.73 37
Rk 1-4 339 636. 63 —87.50 —157.71 38. 69 80
& 1-5 1610 1 693.05 —5.16 —72.57 —99.4 9
& 1-6 1 460 1467.41 —0.51 0.93 —120.07 -5
& 1-7 7570 7 920. 55 —4.63 85. 99 70. 65 —2
Mk 2-3 7530 4 600. 33 38.91 81. 24 75.53 64
Hhk 2-4 1390 1.379. 28 0. 77 9. 04 19. 81 10
& 2-5 3090 1857.71 39. 88 28. 19 8.2 —440
& 2-6 1290 1275.13 1.15 24.92 17. 87 49
fih & 2-7 580 894. 20 —54.17 19. 06 1.69 —317
ik 3-3 820 1291.16 —57. 46 2.09 2.93 90
TE-| 26. 50 44. 49 46. 32 100. 27
I3E 0. 475 0.438 0. 383 0. 307
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