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Machine Learning Prediction Model for Microstructure-
Tensile Properties Relationship of Superalloys
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Abstract: The traditional “trial-and-error” method is used to reveal the relationship between microstructure and properties
of superalloys, which is difficult to meet the rapid development of material design, research and development and application
due to its high cost and long cycle. In this paper, a model for the relationship between microstructure and properties of su-
peralloy K4169 was established by machine learning. Firstly, 70 groups of microstructures were obtained by changing the al-
loy composition and heat treatment system. Secondly, the mechanical properties of the alloys were measured by tensile exper-
iments at room temperature and high temperature, and the effects of composition and heat treatment on the mechanical prop-
erties were analyzed. Finally, support vector machine regression ( SVR), random forest regression ( RFR), K-nearest
neighbor node regression (KNR) and multi-layer perceptron ( MLP) were used to establish prediction models to predict the
effects of y phase, y' phase, " phase, 8 phase, Laves phase and carbide content on tensile properties at room and high
temperature. The accuracy of the model was verified by cross validation. The results show that the mean squared error of the
MLP model for the prediction result of the alloy room temperature tensile strength is 0. 17, the mean absolute error is 0. 32,

the correlation coefficient is 0.95, and the decision

coefficient is 0.85. And the mean squared error for the

Wi B 2021-01-29 f&E B H: 2021-03-29 alloy high-temperature tensile strength is 0. 14, the mean

EETA: FEPR TR 2 TR G s E SR H absolute error is 0. 29, the correlation coefficient is 0. 97,

(KZ0C191707) and the decision coefficient is 0.91. Compared with the

S (e, T, o, 1991 4k, TR, other three models, the prediction results of MLP are more
accurate.
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Fig. 1  Programming paradigm of Machine Learning
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Table 1 Nominal composition of 7 groups superalloys(w /%)

No. Ni Cr Mo Al Ti Nb C Fe Abbreviation
1 52.5 19 3.05 0.5 0.9 4.9 0.05 19.1 Standard
2 52.5 19 3.05 1.3 0.9 4.9 0.05 18.3 1.3Al1
3 52.5 19 3.05 2.1 0.9 4.9 0.05 17.5 2. 1Al
4 52.5 19 4.05 0.5 0.9 4.9 0.05 18.1 4. 05Mo
5 52.5 19 5.05 0.5 0.9 4.9 0.05 17.1 5.05Mo
6 52.5 19 3.05 0.5 0.9 6.9 0.05 17.1 6.9Nb
7 52.5 19 3.05 0.5 0.9 8.9 0.05 15.1 8.9Nb
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Table 2 The heat treatment process used in this experiment

No. Heat treatment process Abbreviation
1 1095 “C/2 h(air cooling) 1095
2 1095 °C/2 h(air cooling) +955 “C/1 h(air cooling) +620 C/8 h( air cooling) 1095+955+620
3 1095 “C/2 h(air cooling) +955 “C/1 h(air cooling) +670 C/8 h( air cooling) 1095+955+670
4 1095 “C/2 h(air cooling) +955 “C/1 h(air cooling) +720 “C/8 h( air cooling) 1095+955+720
5 1095 “C/2 h(air cooling) +955 “C/1 h( air cooling) +720 °C/8 h( furnace cooling) to 620 °C/8 h(air SHT

cooling)

6 1095 °C./2 h(air cooling) + 720 C./8 h( furnace cooling)to 620 °C/8 h(air cooling) DA
7 1095 °C/2 h(air cooling) +1130 °C/h( air cooling) 1095+1130
8 1095 “C/2 h(air cooling) +1130 “C/1 h(air cooling) +670 “C/8 h( air cooling) 1095+1130+670
9 1095 °C./2 h(air cooling) +1130 °C./1 h(air cooling) +720 %C/8 h(air cooling) 1095+1130+720
10 1095 “C/2 h(air cooling) +1130 “C/1 h(air cooling) +720 “C/8 h( furnace cooling) to 620 °C/8 h( air 1095411304720+ 620

cooling)
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Fig. 3 Comparison between the predicted results by SVR algorithm and the experimental data of tensile strength of K4169 alloy at room tempera-
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Table 3 The evaluation results with different k values in KNR al-

gorithm
k MSE MAE cc R?
1 0.39 0.42 0.78 0.12
2 0.35 0.38 0.87 0.25
3 0.30 0.42 0.74 0.35
4 0.29 0.44 0.84 0.5
5 0.25 0.44 0.85 0.89
6 0.23 0.38 0.89 0.62
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