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ABSTRACT: Al-driven microstructure prediction reduces experimental costs and accelerates metallurgical This work is sponsored by Carpenter ®
development; however, validating model accuracy is essential for reliable application. We developed a
microstructure quantification workflow to compare statistical features of real micrographs with Al-generated

images of PyroMet® 680 Ni-based superalloy. Key metrics include phase fractions, phase distribution, and C\ 2
grain eccentricity. This project aims to expand the training dataset, identify gaps within it, and ultimately C CARPENTER

improve model performance. TECHNOLOGY

Technology Corporation, Reading, PA
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segmentation plugins segmented images into phases: primary represent the classifier performance. weaknesses.

» Ensemble of multiple classifiers trained on specific processing
parameters or microstructural characteristics could improve

carbide, secondary carbide, and grain.

« Each Weka and Labkit classifier was trained by hand drawn 3. 2-point Correlation and Similarity Scores
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3. Binary Segmentation and Phase Fraction Analysis
 From the segmented images, Python scikit-image library
calculated the fractions of each phase.

« Phase fractions were calculated as the ratio of the number of
pixels occupied by grains to the total number of pixels (2592 X
1944).

« Parity plots were generated for comparison.
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Figure 5. 2-point correlation heatmap of classified phases with high eccentricity (left)
and low eccentricity microstructures. Labkit Classifier 3 was used for segmentation.

4. 2-point Correlation for Phase Distribution PYROMET® and CARPENTER® are registered trademarks of CRS Holdings
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5. Angular Resolved Chord Length Distribution® (ARCLD)
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