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Abstract
Drones are used in various fields, including land survey, transportation, forestry/agriculture, marine,
environment, disaster prevention, water resources, cultural assets, and construction, as their industrial
importance and market size have increased. In this study, image data for deep learning was collected using a
mavic3 drone capturing images at a shooting altitude was 20 m with x7 magnification. Swin Transformer and
UperNet were employed as the backbone and architecture of the deep learning model. About 800 sheets of
labeled data were augmented to increase the amount of data. The learning process encompassed three rounds.
The Cross-Entropy loss function was used in the first and second learning; the Tversky loss function was used in
the third learning. In the future, when the crack detection model is advanced through convergence with the
Internet of Things (IoT) through additional research, it will be possible to detect patching or potholes. In
addition, it is expected that real-time detection tasks of drones can quickly secure the detection of pavement
maintenance sections.
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