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Crack extraction of concrete pavement based on U*-Net and dynamic

index-based rotational convolution
WANG Chunyan', WANG Kangle', JIANG Yong”, WANG Xiang’
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Computer Science and Technology, Dalian University of Technology, Dalian 116081, China)
Abstract: Aiming at the problem of accuracy degradation caused by illumination change, complex background
and fuzzy effect in the extraction of concrete pavement cracks by convolutional neural network, a dynamic index
rotation convolution (DIRC) method is proposed. Based on the deformable convolution theory, this method
enhances the effectiveness of the index offset by solving the problem that the offset may exceed the receptive
field. The dynamic index rotation convolution (DIRC) is introduced into the U>-Net architecture to improve the
network's ability to recognize the crack texture of concrete pavement. The results show that on the DeepCrack
dataset, compared with the benchmark U*-Net, the F1, Kappa and MIoU indexes of DIRC-U*-Net are increased
by 2.40%, 1.30% and 1.49%, respectively. On the CrackForest dataset, the above indicators have increased by
8.43%, 8.47%, and 9.13%, respectively. The visual analysis of the extraction results further shows that the DIRC
module significantly enhances the robustness of the U’-Net model to complex interference factors such as
illumination differences and image blur. The research conclusions provide a theoretical basis for the accurate and
robust extraction of concrete pavement cracks.
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Fig.1 DIRC-U*-Net model structure
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Tab.1 evaluation metrics for comparative experiments on
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Tab.3 evaluation metrics on the CrackForest dataset

LAY F1/%  Kappa/% MIoU/% AUC/%
FNP 58.29 57.62 41.13 96.57
PSPNet 35.00 34.28 21.21 96.11
LinkNet 58.62 58.05 41.46 91.17
U-Net 57.79 57.15 40.64 95.51
DeepLabV3+  61.87 61.34 4479 92.86
U-Net 59.81 59.27 42.66 96.94
DIRC-U-Net  68.24 67.74 51.79 97.13
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