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Automated fracture extraction from X-ray CT images using machine learning
— Application of multi-class semantic segmentation —
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Abstract: This paper explores a technique to automatically extract rock fractures from X-ray CT images
using a Convolutional Neural Network (CNN). Semantic segmentation, a method for labeling individual
pixels in image processing with machine learning, has found widespread use in scene recognition for
autonomous driving, and extracting tumors from medical images. A similar approach can be applied to
extract rock fractures from X-ray CT images or outcrop photographs, with specific considerations: (1)
the extraction target is not a ‘region’ but a thin ‘line segment’, and (2) the pixel ratio of fractures in the
image is extremely small. In this study, fracture traces were extracted from CT images of a 30 cm cube
of a fractured chert block using a U-Net model, a prominent CNN in image processing, to validate the
feasibility of the machine-learning approach for automated fracture extraction. The segmentation results
(predictions) aligned with manually extracted fracture traces (ground truths) for two classes of fractures
with different apertures, particularly when utilizing the Focal Loss, which addresses data imbalance, as a
loss function.
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