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ABSTRACT

With the development of computer vision systems, many advances have been made in the fields of surveillance,
biometrics, medical imaging, and autonomous driving. In the field of autonomous driving, in particular, the object
detection technique using deep learning are widely used, and the paved road detection is a particularly crucial problem.
Unlike the ROI detection algorithm used in general object detection, the structure of paved road in the image is
heterogeneous, so the ROI-based object recognition architecture is not available. In this paper, we propose a deep neural
network architecture for atypical paved road detection using Semantic segmentation network. In addition, we introduce the
multi-scale semantic segmentation network, which is a network architecture specialized to the paved road detection. We
demonstrate that the performance is significantly improved by the proposed method.
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