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Abstract

We studied the utility of image recognition technology for detecting slope failure areas from aerial imagery by using
Mask R-CNN (Region-based Convolutional Neural Network), which is a kind of image segmentation. In addition,
aerial imagery (orthoimagery) and slope failure area data from a torrential rain event in 2018 in western Japan was
used. To improve accuracy, treating imbalanced training data was considered because of its high probability in the
case of data for slope failure areas detection. We confirmed that the loss calculation weighting according to the area

ratio of the slope failure areas was effective in improving accuracy. The F-value for the detection accuracy of Mask

R-CNN with weighted loss was 0.68.
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Fig. 1 A flow chart of each process (data creation, learning, detection, and precision evaluation).
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(left: aerial images, right: mask images)
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Fig. 7 Slope failure detection results (not useful samples).
Figure legends are the same as in Fig. 6.
Upper row: Aerial photograph image,
Lower left: Correct image,
Lower right: Detection result,
White: Correct answer, Blue: False positive,
Red: Omitted detection.
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Fig. 6 Slope failure detection results (useful samples).

Upper row: Aerial photograph image,

Lower left: Correct image,

Lower right: Detection result,

White: Correct answer, Blue: False positive,
Red: Omitted detection.
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Slope failure detection results of areas that did not have slope failures.

(A) Example of false positives in a forested area with little slope failure (B) Example of false positives mixed with positives
in a forested area (C) Example of false positives in a brown-roofed house or exposed ground (D) Example of false positives
in a large building or dense residential area. Figure legends are the same as in Fig. 6.
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Slope failure detection results using weighted loss for areas that did not include slope failure areas.

(A) Example of false positives in a forested area with little slope failure (B) Example of false positives mixed with positives
in a forested area (C) Example of false positives in a brown-roofed house or exposed ground (D) Example of false positives
in a large building or dense residential area. Figure legends are the same as in Fig. 6.
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