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Phase Classification for Ni-Based Superalloys SEM Images Using
Deep Learning

Emi HARATA and Daisuke MORI

Synopsis

Ni-based superalloys have excellent high temperature properties due to Ni;Al (y') precipitation from matrix (). It is important for
material development to measure the amount of y' precipitation, because it affects the properties greatly. We classify SEM images
of Ni-based superalloys into y' and y by hand to measure the amount of y'. However, there is variation in the classification results
among operators. In this paper, we automated the classification by image processing and deep learning to eliminate variation. As
a result, automation was achieved using ensemble learning of y' and y'/y boundary, and we became able to measure the amount of
y' regardless of the operator.
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Fig. 1. Microstructure of Ni-based superalloy.
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Fig. 3. Image classified into y’ and y by manual work.
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Fig. 5. Procedure of image processing.
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Fig. 6. Comparison between correct classification result

by manual work and image processing.
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Fig. 9. Schematic diagram of semantic segmentation.
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Table 1. Calculation conditions.

Model Based on U-Net
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Fig. 11. Procedure of generating output.
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Table 2. Results of each method.

Image ' Ensemble
processing Yy’ DL learning

® @ ® @ ® @

Mean 85 |0893| 16 |0968| 1.3 |0.972

Best 3.7 (0922 | 0.2 |0985| 0.1 |0.988

Worst | 14.6 | 0.858 | 4.4 |0.947 | 4.4 | 0.955

(D Absolute error of y’ amount %
(@ Dice coefficient
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