Linking Stress Rupture Properties and Processing Parameters
of HAYNES 718 Nickel Superalloy via Machine Learning
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Abstract. The wrought Ni-based superalloy HAYNES® 718 is utilized at high operating temperatures, in This work is sponsored by
corrosive atmospheres, and under high mechanical loads—applications in which time-dependent deformation,

e _ _ _ Haynes International, Kokomo, IN
known as creep, often occurs. Industry specifications such as AMS 5596 require that the material fails after a

minimum of 23 hours with at least 4% elongation at 1200 °F and 105 ksi. In this study, we seek to link high- HAYNE S
dimensional processing parameters to creep properties via machine learning to improve material performance
and accelerate specification testing. International
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