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ABSTRACT: The work aims to improve the prediction accuracy of elastic modulus of titanium alloy through an efficient and
feasible prediction method, and establish a high-precision prediction model which combines first-principle calculation and ma-
chine learning. Through data mining, the microstructure parameters of mechanical properties of titanium alloy in the material
database were obtained, and the initial data set was calculated and constructed based on the first principle, which was pretreated,
including noise elimination, normalization and standardization, so as to obtain a high-quality data set. At the same time, the

random forest characteristic importance analysis method was used to screen the input parameters and remove the weakly corre-
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lated variables to reduce the complexity of the prediction model. On this basis, a random forest model, a support vector machine

model, a BP neural network model and an optimized GA-BP neural network model were constructed, and the optimal algorithm

model was selected after comprehensive comparison of regression capacity of each model and error rate analysis. Finally, a pre-

diction model for elastic modulus of titanium alloy was established, in which the correlation coefficient R of the random forest

model, the support vector machine model, the BP neural network model and the optimized GA-BP neural network model was

0.836, 0.943, 0.917, and 0.986. Through comparative analysis, the prediction error of elastic modulus of GA-BP models is basi-

cally kept at 5%-7%, showing high prediction accuracy. It is found that genetic algorithm can optimize the weight and threshold

of the BP neural network, so as to give higher prediction accuracy. This method can realize the prediction of elastic modulus of

titanium alloy, greatly save the research and development and experimental costs, and is applicable to the selection of

high-performance materials.
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Fig.1 Tensile specimen diagram
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Tab.1 Chemical composition of Ti6554 titanium alloy wt.%
Cr v Mo Al Ti
5.7 4.8 4.7 3.9

Surplus

x2 Tib3331 hEEUERS
Tab.2 Chemical composition of Ti55531 titanium alloy wt.%

Al Mo \Y Cr Zr Ti
5.2 5.2 5.2 2.6 1.1

Surplus
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Tab.5 Comparison of error indicators results of Radom forest model
Ermse Emare/% R r
Training set 10.85 15.43 7.4 0.91 0.94 92.6
Testing set 15.23 21.55 15.6 0.83 0.85 84.4
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Fig.9 Regression capability analysis: a) BP model; b) Optimized-BP model; ¢) GA-BP model
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