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Application of Explainable Artificial Intelligence for Predicting Hardness
of AlSi10Mg Alloy Manufactured by Laser Powder Bed Fusion

Junhyub Jeon“’, Namhyuk Seo“’, Min-Su Kim’, Seung Bae Son“, Jae-Gil Jung” and Seok-Jae Lee"*
“Department of Metallurgical Engineering, Jeonbuk National University, Jeonju 54896, Republic of Korea
b Jeonbuk Regional Division, Korea Institute of Industrial Technology, Gimje 54325, Republic of Korea
(Received June 8, 2023; Revised June 21, 2023; Accepted June 24, 2023)

Abstract In this study, machine learning models are proposed to predict the Vickers hardness of AlISil0Mg alloys
fabricated by laser powder bed fusion (LPBF). A total of 113 utilizable datasets were collected from the literature. The
hyperparameters of the machine-learning models were adjusted to select an accurate predictive model. The random
forest regression (RFR) model showed the best performance compared to support vector regression, artificial neural

networks, and k-nearest neighbors. The variable importance and prediction mechanisms of the RFR were discussed by
Shapley additive explanation (SHAP). Aging time had the greatest influence on the Vickers hardness, followed by
solution time, solution temperature, layer thickness, scan speed, power, aging temperature, average particle size, and

hatching distance. Detailed prediction mechanisms for RFR are analyzed using SHAP dependence plots.
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Table 1. The ranges, averages, and deviations of LPBF process variables and heat treatment variables

Variant Minimum Maximum Average Deviation
APS (um) 24.00 50.00 38.87 10.25
Power (W) 200.0 400.0 378.2 27.14
Scan speed (mm/s) 500.0 7000 2989 2635
Layer thickness (pm) 25.00 60.00 32.35 6.720
Hatching distance (um) 130.0 200.0 190.0 10.98
Solution temperature (°C) 0.000 560.0 480.6 151.2
Solution time (min) 0.000 540.0 216.9 151.4
Aging temperature (°C) 0.000 180.0 117.4 71.32
Aging time (min) 0.000 1440 319.6 3193
Hardness (HV) 52.50 140.0 93.06 17.31
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Fig. 1. Performance of machine learning models for the
training and testing datasets (add performance for validation
dataset in the case of ANN).
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Fig. 2. Performance of RFR model. (red circle) prediction
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