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Prediction of Cryogenic- and Room-Temperature Deformation Behavior
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Abstract

A deformation behavior of commercially pure titanium (CP-Ti) is highly dependent on material and processing parameters,

such as deformation temperature, deformation direction, and strain rate. This study aims to predict the multivariable and

nonlinear tensile behavior of CP-Ti using machine learning based on three algorithms: artificial neural network (ANN), light

gradient boosting machine (LGBM), and long short-term memory (LSTM). The predictivity for tensile behaviors at the

cryogenic temperature was lower than those in the room temperature due to the larger data scattering in the train dataset used

in the machine learning. Although LGBM showed the lowest value of root mean squared error, it was not the best strategy

owing to the overfitting and step-function morphology different from the actual data. LSTM performed the best as it effectively

learned the continuous characteristics of a flow curve as well as it spent the reduced time for machine learning, even without

sufficient database and hyperparameter tuning.

Keywords: Machine Learning, Titanium, Cryogenic, Artificial Neural Network, Light Gradient Boosting Model, Long Short-

Term Memory
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Fig. 1 Engineering stress-strain curves in the plastic
regime at a strain rate of (a) 2 x 1073, (b) 1072, and
(¢) 107 571, “C” and “R” indicate that the tensile
test was performed at the cryogenic and the room
temperatures, respectively.
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Table 1 Tensile properties of the investigated samples.
Sample f YS UTS PEL
™ (MPa) | (MPa) | (%)

2x1073 572 759 68

RD-C 102 573 715 47

107! 612 676 29

2x1073 674 699 37

TD-C 102 681 709 28

107! 697 697 16

2x 1073 329 459 38

RD-R 1072 356 471 31

107! 378 494 30

2x1073 398 448 29

TD-R 1072 435 456 26

107! 471 487 26

* ¢: strain rate, YS: yield strength, UTS: ultimate tensile strength,
PEL.: plastic elongation to failure, “-C”: cryogenic tension, and “-

R”: room-temperature tension.
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Fig. 2 Predicted stress-strain curves depending on the machine-learning algorithm compared with the experimental
data at a strain rate of 10—2 s—1: (a) RD-C, (b) TD-C, (c) RD-R, and (d) TD-R .
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