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process conditions. Through this model |

and computational thermodynamics I[ Physical model building based on ML-predicted yield strength
method, the goal of this study is to |

develop new formulations of Al Alloy |

Predict Al 7055 of yield strength (v.s time) aging at 120°C, 140°C, 160°C and 180°C respectively to fit Avrami equation:
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machine learning approach, and
transformed model predicted-values
based on data science to physical

Besides, we fit physical models under over-aged conditions [2], and the choice of model depends on whether the
particles are shearable or non-shearable.

meaning. Overaged, shearable particles: Tppt = Czrm‘1 ;
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> In the future, we  will use Overaged, non-shearable particles: gy, = C37
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