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Road crack detection based on improved DeepLabV3 +
in complex environments
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(School of Civil Engineering, Guangzhou University, Guangzhou 510006, China)

Abstract ; Effective road crack detection is the key to ensuring road safety. This paper combines deep
learning and computer vision and proposes a road crack detection network Crack-Deeplab for complex
road scenarios based on DeepLabV3 + architecture because of the low efficiency of existing road crack
detection methods and the susceptibility of detection results to the detection environment. Crack-Deep-
lab introduces novel network modules and structural design with lightweight and strong generalization
features as well as fine segmentation capability. In this paper, based on the dataset Crack500 for ex-
perimental validation, Crack-Deeplab achieves the crack Intersection over Union (IoU) ratios of 0. 67
and 0. 58 in the validation and test datasets, respectively, which is a significant improvement over the
existing networks. The network was validated using images of roads on the campus of Guangzhou Uni-
versity taken under complex environments. Crack-Deeplab, trained on Crack500 data, accurately i-
dentified and segmented cracks on the campus roads in different scenes and environments without
adding additional training data, proving the effectiveness and robustness of the method and its applica-
tion value in practical engineering.
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Fig.2 The schematic illustration of the inverted residual block
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