I Journal of the Korean Geo—Environmental Society ISSN 1598-0820 (Print)

. : ISSN 2714-1233 (Online)
22(10): 13~19. (October 2021)  http://www.kges.orkr DOI https://doi.org/10.14481/jkges.2021.22.10.13

AE H{dS 0|88 OIALE £2 EHO| #F EX|o 25t |3

A Study on Crack Detection in Asphalt Road Pavement
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ABSTRACT : Cracks in asphalt pavement occur due to changes in weather or impact from vehicles, and if cracks are left unattended,
the life of the pavement may be shortened, and various accidents may occur. Therefore, studies have been conducted to detect cracks
through images in order to quickly detect cracks in the asphalt pavement automatically and perform maintenance activity. Recent
studies adopt machine-learning models for detecting cracks in asphalt road pavement using a Convolutional Neural Network. However,
their practical use is limited because they require high-performance computing power. Therefore, this paper proposes a framework
for detecting cracks in asphalt road pavement by applying a small deep learning model applicable to mobile devices. The small deep
learning model proposed through the case study was compared with general deep learning models, and although it was a model with
relatively few parameters, it showed similar performance to general deep learning models. The developed model is expected to be
embedded and used in mobile devices or IoT for crack detection in asphalt pavement.
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