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Crack Detection of Concrete Pavement Based on Attention Mechanism and Lightweight Dilated
Convolution

QU Zhong and WANG Caiyun

College of Computer Science and Technology,Chongging University of Posts and Telecommunications, Chongqing 400065, China

Abstract Cracks in the concrete pavement will affect the safety,applicability,and durability of the structure,and crack detection
is a challenging research hotspot. This paper proposes a crack detection model composed of an improved full convolutional net-
work and a deep supervision network,which uses the improved VGG-16 as the backbone network. Firstly, the low-level convolu-
tional feature aggregation is fused to the backbone network again through the spatial attention mechanism. Secondly, the middle
and high-level convolutional features are fused through the lightweight dilated convolution fusion module for multi-feature fusion
to get the clear edge and high-resolution feature maps,all side feature maps are added to produce the final prediction map. Finally,
the deep supervision network provides direct supervision for the detection results of each stage. In this paper.the focus loss func-
tion is selected as the evaluation function,and the trained network model can efficiently identify the crack location from the input
original image under various conditions such as uneven illumination and complex background. To verify the effectiveness and ro-
bustness of the proposed method,it is compared with six methods on three datasets,DeepCrack,CFD,and Crack500,and the re-
sults show that it has excellent performance,and the F-score value reaches 87.12%.

Keywords Crack detection, Attention mechanism, Dilated convolution, Multiscale fusion, Fully convolutional network, Deep su-

pervision network
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Fig. 1 Architecture of the proposed network
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Table 4 Ablation experimental results on DeepCrack

Methods P R
VGG™ 0.8660 0.8562 0.8611
VGG _SA 0.8745 0.8576 0.8660
VGG™T _DCFF 0.8761 0.8619 0.8690
0 0

0 0

F-score

VGG _SA_DCFF . 8807 . 8619 0.8712
VGG_SA_DCFF . 8810 . 8596 0.8702
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