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Research on image-based segmentation and quantification of road cracks
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Science and Technology, Harbin 150006, China)

Abstract: Aiming at the contradiction between high cost and high precision in the field of road crack detection and quantification, this
paper proposes a low cost, high precision automatic segmentation and quantification system for road cracks. Firstly, the convolutional
neural network with jump-stage round-trip multi-scale fusion module and attention gate mechanism is used for segmentation prediction,
which is named SW-Net. Then, the cracks are classified by combining MCO, DFS and the trend of pixel statistical curves in different
directions. Finally, in order to overcome the discontinuity of crack quantization and the limitation of traditional morphological skeleton
quantization algorithm, this paper comhined the A" algorithm and extended it to calculate the shortest length and maximum width of
cracks. Experimental comparison results show that the system achieves the best accuracy (93. 68% ) and F1 score (0.896 5) among all
comparison models on the Crack500 dataset. The average classification accuracy of the improved classification algorithm is 99.29% , and
the classification speed is 109 pieces/s. The relative errors of the shortest length and maximum width are 12.34% and 15.85%
respectively, which is 5.16% lower than the average error of the traditional skeleton method. These results show that the system has
made remarkable progress in the segmentation, classification and quantification of cracks.
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Fig. 1 Block diagram of automatic crack segmentation

quantization system
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Table 1 Evaluation index

WAL R bR AE X
TP
Pr Pr =
TP + FP
TP
Re Re =
TP + FN
2 X Pr X Re
F1 Fl =
Pr + Re
TP + FN
mPA mPA = —
TP + TN + FP + FN
XNyl
mloU mloU = ———
[XuUY]|

Hdr, TP TN FPRFN 43RG EFEME  EZ BN R
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Fig. 15 Comparison of training process of four evaluation indexes
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Table 2 Comparison of five kinds of network

detection indexes

o0 25 B3 Pr Re Fl mPA mloU
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DMA-Net  0.8691 0.7943 0.8299 0.9547 0.7422
SW-Net 0.9368 0.8597 0.8965 0.9771 0.8191
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Fig. 16  Comparison of prediction results of five kinds of network segmentation
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Fig. 17 Comparison of the effect of morphology closed operation
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Fig. 18 Comparison of two classification methods
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Table 3 Classification results of three classification methods on the Crack500 test set
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Fig.20 The A" algorithm quantifies the minimum length and maximum width
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