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ABSTRACT

Road surface damage detection is essential for a comfortable driving environment and the
prevention of safety accidents. Road management institutes are using automated technology-based
inspection equipment and systems. As one of these automation technologies, a sensor to detect road
surface damage plays an important role. For this purpose, several studies on sensors using deep
learning have been conducted in recent years. Road images and label images are needed to develop
such deep learning algorithms. On the other hand, considerable time and labor will be needed to
secure label images. In this paper, the adversarial learning method, one of the semi-supervised
learning techniques, was proposed to solve this problem. For its implementation, a lightweight deep
neural network model was trained using 5,327 road images and 1,327 label images. After
experimenting with 400 road images, a model with a mean intersection over a union of 80.54% and
an F1 score of 77.85% was developed. Through this, a technology that can improve recognition
performance by adding only road images was developed to learning without label images and is
expected to be used as a technology for road surface management in the future.
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<Table 1> Performance results

. Segmentation model Discriminator model m-ToU Fl1
Learning method
5 (Srout) (Drw) [%] [%]
Supervised learning ERFNet X 78.43 74.85
Adversarial learning ERFNet O 80.54 77.85
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