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Prediction of Microsegregation Behavior in Fe-based Alloys Based on Machine Learning

Munekazu Ouno, Daichi Kimura and Kiyotaka MATSUURA

Synopsis

: A prediction method for microsegregation in Fe-based alloys was developed based on an approach of machine learning called Deep Learn-

ing. A set of model and algorithm of Deep Learning suitable for description of microsegregation was constructed by employing training data

obtained by one-dimensional finite difference calculations for interdendritic microsegregation. It is shown that the developed method enables

accurate prediction of the microsegregation behavior in Fe-based binary and ternary alloys with the solute atoms of C, Si, Mn, P and S. The

present results demonstrate that Deep Learning offers a promising way of constructing an easy-to-use approach for prediction of microsegre-

gation with high accuracy. Importantly, it is expected that the present method can be extended to describe effects of microstructural processes

on microsegregation behavior.

Key words : microsegregation; deep learning; solidification; casting; simulation.
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Fig. 1. Schematic diagram of a multilayer perceptron (MLP).
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Table 1. Parameters for each element employed in this study®.

Element k. m; (K/mass%) D} (m?/s) 0, (kJ/mol) D (m?/s) 0, (kJ/mol)
C 0.19 78 520 % 107 48.95 1.27 x 10 81.38
Si 0.77 7.6 5.14 x10°% 38.28 8.00 x 10* 248.9
Mn 0.77 4.9 3.85x 107 69.45 7.60 x 10°° 2244
0.23 34.4 1.35x10° 99.16 2.90 x 10+ 230.1
S 0.05 38 490 x 10 35.98 4.56 x 10 214.6

Table 2. Conditions of one-dimensional finite difference calculations for training data in each system.

Alloy system Solute Initial concentration, ¢, (mass%) Cooling rate, T (K/s) Secondary arm spacing, A, (um)

Fe-Mn binary alloy Mn 1.0 1,5, 10, 15, 20, 25, 30 100
C 0.01, 0.05, 0.10
Si

Fe-X binary alloys Mn 0.5,1.0,1.5,2.0 0.5,1.0,5.0, 10 Eq. (12)
p
S 0.01, 0.02
C 0.01, 0.1, 0.25, 0.50
Si

Fe-X,-X, ternary alloys Mn 0.1,0.5, 1.0 1.0, 5.0, 10, 15 Eq. (12)
0.001, 0.002, 0.01
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Fig. 2. Training data of Fe-1.0 mass%Mn alloy calculated for
various cooling rates. (Online version in color.)
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Fig. 4. Comparison between the results calculated by Deep
Learning and Finite Difference Method (FDM) for
different cooling rates. For a visual aid, only one out of
every five (every six) symbols along the curve is shown
for the result of Deep Learning (FDM). (Online version
in color.)
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Fig. 6. Comparison between the results of Deep Learning and FDM for (a) Fe-0.03 mass%C alloy cooled at =4 K/s, (b) Fe-0.8
mass%Si alloy cooled at 7=4 K/s, (c) Fe-1.3 mass%Mn alloy cooled at 7=4 K/s, (d) Fe-0.8 mass%P alloy cooled at 7=8 K/s and
(e) Fe-0.15 mass%S alloy cooled at 7=8 K/s. In each figure, only one out of every two symbols is shown for the result of FDM.

(Online version in color.)

(@)
22 T . . .
20| |Fe-0.8 mass%Si alloy _
T=4K/s
1.8} ¢
° — Deep Learning
J16 1

0.6

04
Solid fraction, f,

Fig. 7. Comparison between the results of Deep Learning with revised normalization approach and FDM for (a) Fe-0.8 mass%Si alloy
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for the result of FDM. (Online version in color.)
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