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Abstract In this paper, we propose a novel crack detection algorithm based on feature enhanced whole nested
network to resolve the issue of inaccurate crack segmentation caused by complex background and changeable texture
of concrete cracks in natural scenes. First, based on the holistically-nested network (a deep learning edge detection
network), the multi-scale supervision mechanism was adopted to integrate the prediction results of concrete cracks of
different scales to enhance the expression ability of the network to the linear topology of concrete cracks. Then, we
used a convolution-deconvolution feature fusion module to effectively integrate the deconvolution deep semantic
features and convolution shallow detail features of concrete cracks. The deep semantic features can reduce the
interference of complex backgrounds and improve the feature response of the fuzzy crack area. The shallow features

can improve the expression ability of crack details and the quality of crack features. Finally, we proposed a hybrid
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void convolution boundary thinning module that used residual network and void convolution group to refine the

fracture boundary and improve the accuracy of fracture segmentation. Using the Bridge Crack Image Data dataset

and Crack Forest Dataset, the accuracy of the proposed algorithm was 92.1% and 91.6% and the F,-score was

80.2% and 91.1%, respectively. The experimental results show that the proposed algorithm obtains stable and

accurate segmentation results in complex natural environments and attains strong generalizations.
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Table 1 Deconvolution network structure and feature fusion parameters

Deconvolution stage Convolution Channel Pool Output

conv_5_3 512 Max, 2X2 2MX2M

Fuse with conv 4 3 1X1 512 2MX2M

D4(4_1,4.2,4.3) 3X3 256 Max, 2X2 AMXAM

Fuse with conv_3_3 1X1 256 AMXAM

D3(3.1,3.2,3.3) 3X3 128 Max, 2X2 8MX8M

Fuse with conv_2 2 1X1 128 SMAX8M
D2(2.1,2.2) 3X3 64 Max, 2X2 16MX16M
Fuse with conv_1 2 1x1 64 16MX16M
DI(1.1,1.2) 3X3 64 16MX16M
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Table 3 Contribution of side network output to result in each stage

Bridge Crack_Image_Data Crack Forest Dataset

Condition
Precision Recall F, Precision Recall F,
CFEHNet without stage 1 0.8534 0. 6907 0.7634 0.8615 0. 8648 0.8631
CFEHNet without stage 2 0. 8756 0.6913 0.7726 0. 8805 0. 8845 0. 8825
CFEHNet without stage 3 0. 8942 0. 6945 0.7817 0.9058 0. 9056 0.9057
CFEHNet without stage 4 0.9134 0.7011 0.7932 0.9104 0.9013 0. 9060
CFEHNet 0.9156 0.7063 0.7974 0.9107 0.9022 0.9064
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Table 4 Comparison experiment of boundary thinning

module
Boundary Center Overall
Model
accuracy ~ accuracy — accuracy
CFEHNet without BR 0.7138 0.9412 0.9167
CFEHNet 0.7331 0.9414 0.9214
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Fig. 9 Comparison of partial test results of Bridge Crack Image Data
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Table 5 Comparison of quantitative analysis of Bridge_

Crack_Image_Data

Algorithm Precision Recall F,
HED"™" 0.9167  0.6503  0.7608
UNet'* 0.8945  0.6822  0.7740

SegNet *" 0.8745  0.6887  0.7705

CFEHNet without BR ~ 0.9156  0.7063  0.7974

CFEHNet 0.9214  0.7101  0.8021
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Fig. 10 Comparison of partial test results of CFD
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Table 6 Comparison of quantitative analysis of CFD

Algorithm Precision Recall ~ Fl-score
HED™" 0.8656  0.8699  0.8677
UNet™ 0.8811  0.8897  0.8854

SegNet' ™ 0.8816  0.8789  0.8802

CFEHNet without BR ~ 0.9107  0.9022  0.9064

CFEHNet 0.9164  0.9062  0.9113
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