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Cracks in concrete are visualized by using X-ray CT. Conventionally, the cracks from CT images have been
extracted by binarization processing with threshold setting. The conventional method has a problem that the
evaluation accuracy varies greatly depending on the set value of the threshold. In this study, concrete’s cracks
are extracted by X-ray CT image processing with the decision tree method. The specimens were taken from
an agricultural canal structure with frost damages. Five explanatory variables were set: Brightness, the pixel
value after the DoG (Difference of Gaussian) filter, the maximum pixel value at 2 x 2 pixel, the minimum
pixel value at 2 x 2 pixel, and the difference between the maximum and minimum pixel values. The decision
tree method can achieve the same or better evaluation accuracy than the conventional method. Therefore, the
decision tree method seems to be effective for obtaining stable accuracy under various measurement

conditions.
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Fig.1 X-ray CT images.
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Fig.2 Folwchart of image analysis based on machine
learning.
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Fig. 3 An example of a decision tree.
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Fig. 6 Comparison between conventional method and decision
tree method.
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