3K1-0S-18a-04

The 32nd Annual Conference of the Japanese Society for Artificial Intelligence, 2018

G EB R AT DB B Bhades! ~ 7

Image Recognition Examination for Classification of Reinforcing Bar

il A

Kyosuke Ichikawa

g

Go Sakaguchi

kR ST — 2GR AT A
ARK Information Systems Co., Ltd.

In reinforcing bar works, prevention of misalignment is an important issue. There are rolling marks for identification on
rebar in Japan, but it is small and hard to see, marks are different depending on the manufacturer, so human errors may occur.
Therefore, we conducted experiments to classify reinforcing bar images by convolution neural networks (CNNs). In addition,
we examined inference results via Gradient-weighted Class Activation Mapping (Grad-CAM). As a result, classification of
reinforcing bar was possible, and it was confirmed that the system focused on the roll mark.
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