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Fig.1 Framework of the prediction model and data preprocessing workflow
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Fig.2 Upper and lower contour boundaries of the cam lobe

and the machined contour profile
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Fig.3 Samples before and after data cleaning
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Fig.4 Schematic diagram of the dilated convolutional

network architecture
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Fig.9 Box plots of residual distributions for the benchmark

models
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Fig.10 Kernel density plots of prediction residuals for the

benchmark models
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Fig.13 Box plots of residual distributions for the ablation

models

Pl 14 Sy T Rl S 0 0000 ke 2 A% % B Ay AT IR . wT
PLFE 1, TCN-BILSTM-UEER () % 25 Hf % %5 i 7
TG B U B e A B0 HLAE b iy 20, HL T 0 R
B SI. 3X WY L TR A 2 2 A b A A e Y
T AR TR 25 R A MR D R AR . M LR R
TS TR (1 AR 23R 28 R o 2 349 2 I AN TR) R ) 40 A T
Vi 55 W (L AR AR, i AR b TIN5 e A

x10’
3.0 [ITCN-BiLSTM-UEER
TCN-BiLSTM
2.5}F BIiLSTM
2.0 TCN
e .
wl 1.5}
1.0} &
0.5
ok A S . x107
-1.5-1.0 05 0 05 1.0 15
F2{EH / mm
B 14 T S A0 T % 2 A% 8 43 A 1R

Fig.14 Kernel density plots of prediction residuals for the

ablation models
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