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Gibbs energy estimation using phase field simulation and machine learning methods
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Due to the importance of Gibbs energy in the field of materials, Gibbs energy databases have been
developed over the past decades within the framework of the CALPHAD method. In this study, we
propose a method to estimate Gibbs energy from experimental data of microstructures by using the phase-
field simulation and machine learning methods. As a case study, a twin experiment was conducted to
estimate the energy from computationally generated pseudo-experimental data for the spinodal
decomposition phenomenon in a virtual binary system.
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Table 1 Parameters and conditions used in the simulation.

Temperature (K) T=1000
Diffusion mobility Mc=1.0
Interaction parameter (J mol) Lo=23000,
L1=3000
Gradient energy coefficient (J m®molY)  x=5.0x101°
Number of observation data Nobs=20
Calculation area (hmxnm) 64x64
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Fig. 1 Change in the objective function (a) and interaction
parameters (b) during estimation. The dotted lines in (b) indicate
true value of each parameter.
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Fig. 2 Comparison of observation data and simulation results
obtained by using estimated interaction parameter.
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