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Abstract

For the long way to transmit the vibration signal of the gear box of the transplanted machine, it is
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difficult to conduct the prediction of the bearing degradation trend based on the vibration signal.
Reduce loss to the greatest extent. Using time convolutional networks to convolve the bearing vi-
bration signals through convolution kernels of different sizes to achieve the characteristics of his-
torical information to extract the characteristics of historical information; secondly, the parame-
ter sharing of the network through the chain structure can effectively solve the problems of low
prediction accuracy under long sequence; by introducing the structure of causal convolution, jump-
ing layer connection and residual network, it enables it to effectively solve the problems such as
gradient disappearance or explosion on the basis of CNN and RNN. Relations, thereby establishing
a predictive model of gear box bearing trend. The effect of experimental exploration of the accu-
racy of the accuracy of degradation trend predicts and verifies its effectiveness. The results of the
study show that the vibration signals collected by different sizes, different faulty types, and dif-
ferent sensors have significant predictive effects on the trend of the bearing of the gear box to
meet the design requirements.
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Figure 1. Overall structure diagram of TCN
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Figure 2. Causal convolution diagram
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Figure 3. Schematic diagram of a hollow convolution kernel

E 3. =RERZTER

3) FkZEHR

BIRGA 2 I 268 BE S T2 2 R IRHAE,  AEAN IR J2 IR RV RAIE 1R AR A A A B A DR 28 = v 14
7] o 8 2R P 1) 245 308 5 e 8 S RO T ' IO UR St UARFAEAS B o SR, G SR A B I 92 1 P 48 R P R A v
BRSNS T4 AR 4248 S RIB 68 T, 1K 5 T e 5 350 48 18 5 17 % 3 B0 37 ST 7 A o B i 2R B A
BRI IBA RIS o BT 06 BETH R BB RS i), H RIS 007 722 1 T I £ A EE S T U A
NIERS 93 A LA AT A IE 4k (Bateh Normalization, BN)JZfi#ik: P48 /240 2 fir T BURIR AL ) B 30
RBEE MR ZHI N, EINGE EEREE TRME SRS A TS, TE 4 &2 — /MK
TRHIBF, 20 2RI EL 56 E R4 R IE 1]

20 20
S g S56-layer
5 =
=10 10 20-layer
o 56-layer ©
3= 3
'§ 20-layer ~

1 2 3 4 5 6 % 1 2 3 4 5 6

iter. (1e4) iter. (1e4)

Figure 4. Diagram of network degradation
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Figure 10. Prediction of gearbox bearing degradation trend of rice bowl seedling
transplanter based on TCN
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