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Prediction of Hardness for Cold Forging Manufacturing through
Machine Learning
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Abstract

The process of heat treatment in cold forging is an essential role in enhancing mechanical properties. However, it relies heavily on the

experience and skill of individuals. The aim of this study is to predict hardness using machine learning to optimize production efficiency in

cold forging manufacturing. Random Forest (RF), Gradient Boosting Regressor (GBR), Extra Trees (ET), and ADAboosting (ADA) models

were utilized. In the result, the RF, GBR, and ET models show the excellent performance. However, it was observed that GBR and ET

models leaned significantly towards the influence of temperature, unlike the RF model. We suggest that RF model demonstrates greater

reliability in predicting hardness due to its ability to consider various variables that occur during the cold forging process.
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Table 2 Parameter of the decision tree learning
Parameters RF GBR ET ADA
max_depth 9 11 2 2
max_features Sqrt 1 Float Float
min_impurity 1x10* | 04 0 1
_decrease
min_sample leaf 2 1 1 1
min_samples_split 5 9 2 2
n_estimators 200 180 100 None
random_state 282 282 282 250
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Fig. 2 Results of training for each machine learning
models based on the Pearson’s correlation (PCC)
analysis with input features: (a) RF; (b) GBR; (¢)
ET; (d) ADA models

Table 3 MAE, MSE, RMSE, and R for each models

MAE MSE RMSE R?

(HRC) (HRC) (HRC) (%)
RF 0418 0.258 0.507 87.19%
GBR 0416 0.255 0.505 87.34%
ET 0415 0.255 0.505 87.32%
ADA 0.444 0.300 0.548 85.08%
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Fig. 3 Comparison of real hardness measurements
about each models. The X-mark means the range
of experimental hardness. The red, green, and
margenta are the predicted hardness values of
RF, GBR, and ET models, respectively
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Table 4 The feature importance about each feature

Parameters (%) RF GBR ET
22 A7 11.67 1.76 4.29

2 A T H A 12.18 3.09 1.12
Z o] 434 0.52 0.86
= 8.96 1.23 0.88
FE/AHA 8.34 0.40 1.09
Cx100 0.83 1.10 1.58
AHRE 53.68 91.91 90.17
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Fig. 4 Comparison of feature importance for RF(red),
GBR(green), ET(margenta), ADA(cyan) algorithms
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