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Table 1 Training data set including input and output
for artificial neural network

Input
X, X | X Output
Training data | 0 0 1 0
Training data 2 1 1 1 1
Training data 3 1 0 1 1
Training data 4 0 1 1 0
New data 1 0 0 ?
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@ input | predicted
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(c) epoch 10000

Fig. 2 Shape of sigmoid, tanh, ReLu, and leaky ReLu
function: (1) epoch 0; (2) epoch 1000; (3) epoch
10000
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Table 3 Design of experiments for incremental sheet forming
Formin Tool Hole Step iefd Spring-
Exp. | gangle diameter width down are back
o [mm/
] [mm] [mm] | [mm] . [mm]
min]
1 50 12 3 0.4 1500 0.040
2 60 16 5 1 1500 1.355
3 60 12 3 1 1000 1.021 . .
4 55 12 0 1 500 0.961 | - A 0
5 50 16 5 0.4 1000 0.085 | . =
6 50 16 3 1 500 | 0.383 |(En o ® - sprnghack|
7 55 16 0 0.4 1500 1.496 _ ® =
8 55 8 5 1 1000 1.965 -
9 55 8 3 0.4 500 1.598 ) il - b0
10 60 12 5 0.4 500 0.624
11 55 12 5 0.7 1500 0.854 Input 2 Hiddan layers Cutput
12 50 8 5 0.7 500 1.003
13 50 8 0 1 1500 1.367
14 55 16 3 0.7 1000 0.524
15 60 8 3 0.7 1500 2.393
16 60 16 0 0.7 500 1.458
17 50 12 0 0.7 1000 0.711
18 60 8 0 0.4 1000 2.116
7= Tme Wit st EBEAA A WA o8 v y
sfo] 4ol 0 o] EFAEAE 1 Y HlolHE ® . e ° °
M ° e o (] ®
3} (standardization) Al LHFoF stth= Ho ,_',::—."I/-“’ o2 w}
Folao} @ : : "
E_%:&]‘E X‘_ﬂ, ‘H‘ﬁ-l“'/]‘_ﬂ_ X]——Zr % LE}-, O] Hg'tg L. Underfitting Just right Overfitting
HAaledolyt geldel Agolm sdaA A& Fig. 5 Result cases after training the data set: under
A= fitting; just right; over fitting
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qoz ¥ mepbe AHe) RUg QAT AR dua dzAAY Tx:e ZAile FEAS
< dolge] ek TAge 4, #usE ol gapstolol @b ANN oAM= B4 wHaw
Aotk wd Fgol wekAE s Holtkd  madge wsr] sl srdsEsE
= OJ‘HE%H Ag dolgHE YN &HsA uz} (train-validation-test method)oll wetA St Hlo]H
7h= B7h L@ SHoverfitting, W ¥ H)o] AESH H2E dolg AE (B Sy dolg
S B o ALAE AZE Aot steol NE, A% dlolE AES HAE doE Az
A e dolElel WadE FHol ot Raac duwdoz Y dole AES 0%
oj¢} Wit A9-= Hdlo] g5 HolHE & w ANN  St5(training)ol] AF&3tal UmWA] 40%E
2}7bA] ste] dlolEl A A1) (underfitting, 1T g5y wele] 7 ZF(validation) Bl 2 E(testing) ol
9)el l& = Stk (Fig. 5) A} g},
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Fig. 6 Four-fold cross validation with the performance
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Fig. 9 Schematic of deep neural network with 2
hidden layers [21]

Table 4 The results predicted by Python and Matlab
Testl Test2 Test3 Test4
Experiment 0.542 1.325 2.056 0.861
ANN 0.524 1.433 1.985 0.766
Python
Error(%) | 3.3 8.1 3.4 11.0
ANN 0.559 1.289 2.141 0.808
Matlab
Error(%) | 3.2 2.7 42 6.1
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