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Abstract: Based on 3 418 actual production data of low-pressure die-casting aluminum alloy, an ensemble learning
hardness prediction model combining multiple machine learning algorithms was proposed. Lasso regression, Support
Vector Regression (SVR) , K-Nearest Neighbors Regression (KNN) , Gradient Boosting Regression (GBR) ,
XGBoost, and Stacking model were compared, and best-performing Stacking model was selected for optimization and
validation. The results indicate that Stacking model displays excellently in terms of Ey, and R? metrics. The interpre-
table SHAP analysis reveals that alloy elements such as Cu and Zn can significantly impact hardness.
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Fig.1 Sample quantity distribution of various aluminum alloy grades and box plots of main alloying elements
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Tab.1 Dataset of aluminum alloys by low-pressure casting
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Tab.2 Composition ranges for aluminum alloy

wy/ % i 05-3
Si Fe Cu Mn Pb Sn Al (HB)

e

1 10.10 1.130 1.600 0.5800 --- 0.0272 0.0157 86.10 82.15
2 10.63 0.960 1.630 0.2490 - 0.0306 0.0206 85.60 80.40
3 10.64 0.808 1.580 0.2770 - 0.0376 0.0177 85.50 83.95
4 9.55 0.793 0.121 0.0862 -+ 0.0005 0.0031 88.70 90.06

3417 8.74 0.966 3.560 0.2020 --- 0.0506 0.0232 78.90 84.41
3418 7.97 0.550 0.208 0.6140 --- 0.0005 0.0010 88.30 76.26

AL wy/ % i i
TS Fe Cu Mn - Pb Sn Al (HB)
e/ _

i 665 0.637 0002 0.0052 = 0.00005 0.0005 84.70 50.07
%ﬁj‘ 13.19 0.996 3.940 0.4870 -+ 0.0188 0.0142 97.10 91.40
067 0.806 0388 0.1823 -~ 0.0012 0.0025 §9.06 63.10
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