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Optimization of crystal growth using simulation and machine learning
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Abstract
Optimization of crystal growth was conducted using numerical fluid simulation and machine learning.
High quality single crystal requires control of flow and supersaturation distribution. Ideal growth
conditions were obtained by optimization satisfying some objectives.
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Fig. 1 (a) Schematic of SiC solution growth. Fig. 2 Comparison of result of machine learning

(b) Parameters of the solution growth. and simulation[1].
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Fig. 3 Pareto optimal solutions. Colors of the solutions are given by clustering.
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Fig. 4 Examples of Pareto optimal solutions with parameters (T;, T,, T, w, D¢, H, Dg, d) =
(a) (2173,2173,2173,131,100,12,49, 0.51), (b) (2173,2173,2173,150,95,37,48,0.50),
(¢) (2153,2173,2173,97,100,47,45, 0.55).
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