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Pavement Crack Detection Based on Attention Mechanism and Deformable Convolution

LONG Tao' ,DONG Anguo' and LIU Laijun®
1 School of Science,Chang’an University,Xi’an 710064 , China
2 School of Highway,Chang’an University,Xi’an 710064, China

Abstract Aiming at the pavement crack detection problem under complex background,due to the unsatisfactory detection effect
of image segmentation algorithm based on deep learning,and the imbalance of pixel categories in the crack image itself, this paper
proposes a pavement crack detection network based on attention mechanism and deformable convolution, which is constructed
based on encoder-decoder structure. In order to solve the problem of difficult crack detection in complex background, firstly, de-
formable convolutional is used to improve the learning ability of linear features of cracks with different shapes. Secondly, the
dense connection mechanism is used to strengthen the feature information. Then,in the decoder stage.the feature fusion of trans-
pose convolution and bridge are adopted,and the multi-stage feature fusion is combined to improve the detection accuracy of the
network. Finally, the attention module(SimAM) is introduced to pay more attention to the extraction of target features and sup-
press background features without increasing network parameters. Experiments are carried out on two open crack datasets to ve-
rify the effectiveness of the algorithm. The experimental results show that the performance evaluation criteria of the algorithm are
better than the comparison algorithms. The mean pixel accuracy and mean intersection over union of the BCrack dataset reached
92.12% and 84. 79% , respectively. The mean pixel accuracy and mean intersection over union of the CFD dataset reached
91.02% and 74.75% ,respectively. The average accuracy and average intersection ratio of CFD data set is 91.02% and 74.75% ,
respectively. The algorithm performs well in crack detection under complex background,and can be applied to pavement mainte-
nance engineering.

Keywords Crack detection, Encoder-decoder structure, Deformable convolutional ; Dense connection mechanism  Attention module
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Deeplabv3 78.92 89. 20 81.29
RCF 81.33 90.19 81.31
U-Net 72.30 85.85 80. 11
Ours 85.01 92.12 84.79
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Fig.9 Qualitative comparison results on CFD dataset
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Table 2 Performance comparison of different algorithm on CFD dataset

BT . %)
g% PA MPA MIoU
SegNet 47.67 73.32 63.32
Deeplabv3 60. 88 79.99 68. 49
RCF 64.95 81.96 68.75
U-Net 63.77 81.67 74.53
Ours 83.02 91.02 74.75
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