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Comparative Study of Aus-Tempering Hardness Prediction
by Process Using Machine Learning

K. Kim, J-. G. Park, U. R. Heo, H. W. Yang'
DX Technology Team, Pohang Institute for Materials Industry Advancement, Pohang 37666, Korea

Abstract Aus-tempering heat treatment is suitable for thin and small-sized in precision parts. However, the heat
treatment process relies on the experience and skill of the operator, making it challenging to produce precision
parts due to the cold forging process. The aims of this study is to explore suitable machine learning models using
data from the aus-tempering heat treatment process and analyze the factors that significantly impact the
mechanic properties (e.g. hardness). As a result, the study analyzed, from a machine learning perspective, how
hardness prediction varies based on the quenching temperature, carbon (C), and copper (Cu) contents.
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Fig 1. Results of training for each machine learning
models based on the Pearson’s correlation (PCC) analysis
with input features: (a) ET, (b) RF, (c) GBR, (d) RIDGE,
(e) LASSO, and (f) BR models.
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Table 1. MAE, MSE, RMSE, and R? for each models

Model MAE MSE RMSE R?

(HRC) | (HRC) | (HRC) (%)
ET 0.573 0.884 0.940 65.98
RF 0.811 1.132 1.064 56.42
GBR 0.659 0.746 0.864 71.28
RIDGE | 0.874 1516 1.231 41.66
LASSO | 0914 1.604 1.266 38.27
BR 0.891 1.564 1.251 39.80
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Fig 2. The trend of coefficient determination (R?) according
to feature change. The color of magenta and cyan is
decision tree learning and linear regression, respectively.
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Fig 3. Comparison of feature importance for (a) EF, (b)
RF, (c) GBR, (d) RIDGE, (e) LASSO, and (f) BR.

Table 2. Top 3 of importance features by model
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