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A BASIC STUDY OF APPLYING THE TRANSFORMER MODEL-BASED
BRIDGE DAMAGE DETECTION METHOD

Tomotaka FUKUOKA, Makoto FUJIU

In Japan, periodic inspections of bridges by the close visual inspection method are conducted once every
five years. This bridge inspection needs much cost. It causes a lack of engineers and budget. Some local
governments couldn’t complete the bridge’s aggressive preventive maintenance in Japan. To solve those
problems, studies of automation have been made to reduce the inspection task which depends on human
power.

Recently, deep learning-based damage detection methods have been studied by many researchers to re-
duce the cost of the bridge’s aggressive preventive maintenance. We focus on the state-of-the-art technol-
ogy for semantic segmentation method which uses the Transformer model. This kind of method has high
accuracy to detect the target from an input image. On the other hand, there is not enough discussion about
how to use this new method. In this study, we set the task of detecting the peeling and the rebar exposure
on the surface image of a bridge. We evaluate the effectiveness of the size of the image for training the
model by comparing three models trained with different image sizes.



