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Abstract: Due to the pollution of powder making and spalling of container materials, non-metallic inclusions will
inevitably be introduced in the preparation of superalloy by powder metallurgy. These inclusions seriously harm the
mechanical properties of superalloy turbine disks and may lead to low cycle fatigue failure of turbine disks. At present, the
fatigue life model is mainly developed by Manson-Coffin's formula, which does not take into account the change of elastic
modulus during fatigue and the influence of alloy defect characteristics, which results in a large error between the predicted
results and the actual results. In this paper, five quantitative prediction models between the low cycle fatigue numbers of
turbine disk with the distance of inclusions to disk surface and the inclusion sizes were established by using machine
learning models. The results showed that compared to support vector machine, random forest, kernel ridge regression and
lasso algorithms, the gradient lifting machine algorithm can better predict the fatigue life.
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Fig.2 The relathionship between the size and distance of impurites to the disk surface and low cycle numbers
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