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A STUDY ON CONCRETE CRACK DETECTION WITH DEEP NEURAL
NETWORK FOR BRIDEGE INSPECTION BY IMAGES

Tomotaka Fukuoka, Takahiro Minami, Wataru URATA, Makoto FUJIU, Shinya SUDA
and Junichi TAKAYAMA

A bridge inspection requires considerable labor. In recentry, that is not performed enough for a lack of
a engineer and a budget. To reduce the cost of bridge inspection, many researches proposed methods for
automation the task which has been performed by human power. In this paper, we proposed the classifica-
tion method that forcus on a automatic detection of cracks in bridge images. This method constructs the
part of altanative method of hunan work by using super high resolution camera.

Proposed method using Convolutoional Neuralnet for training model and using only images of bridge
surface for crack detection. We report the overview of proposed method, the detail of modules and an ex-

pected problem have to resolve.
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