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Study on Road Crack Detection Based on Weakly Supervised Semantic Segmentation

ZHAO Weidong, LU Ming and ZHANG Rui

School of Software,Fudan University,Shanghai 200433, China
Shanghai Key Laboratory of Data Science,Shanghai 200433, China
Abstract Most of the existing weakly supervised semantic segmentation methods are based on the process of blocking before de-
tection , which increases the annotation workload. However, the existing automatic block classification methods input all blocks in-
to the model to predict the block category,increasing the number of blocks that are misjudged and affecting the performance of
subsequent semantic segmentation. Aiming at the above problems, this paper proposes a road crack block classification model
based on deep reinforcement learning. According to characteristics of road crack images,the states,actions,and rewards obtained
by the agents are designed. The agent is trained to select crack blocks independently,and the selection results are used as block
labels for multi-size block road crack detection. Through comparative experiments on several datasets,it is proved that the prop-

soed model outperforms existing methods in terms of road crack segmentation performance and crack width measurement accura-
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Fig. 6 Process of multi-size block road crack detection
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Fig. 7 Label recalibration regions of three adjacent blocks
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Tablel Comparison of performance between existing methods

and the proposed approach
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Table 2 Comparison of measurement errors in road cracks

A % kKE wWHR O FHRE
EfficientNet+SEAM(1 X 1 4 $)[22] 1.48 4,74 10.05
EfficientNet+SEAM(2 X 2 4 #) 0.65 1.55 2.59
EfficientNet+SEAM(2X 3 4 4) 0.92 1.38 1.45
EfficientNet+SEAM(3X 3 4 3) 0.68 0.90 1.14
EfficientNet+SEAM(3X 4 4 H) 0.88 1.01 0.78
EfficientNet+SEAM(4 X 4 4 3) 0.77 0. 87 0.68
EfficientNet+SEAM(4 X5 4 #) 0.97 1.07 1.01
WSPLIN-IP+SEAM(5 X 5 4 H)[11] 2.06 2.23 0.74
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Table 3 Results of multi-size block ablation experiments

ToU/ %
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IXTCR EF 25 89.96 26.69 36.06 50.90
1X14+2X2 44 94.73 40.74 37.91 57.79
IX1+2X3 44 94.96 43.86 37.36 58.73
1X14+3X3 44 94.90 43.13 37.42 58.48
1X14+3X4 44 94.07 44.36 37.76 58.73

7
IX1+2X2+42X3+3X3+3X4 44 94.18 47.19 43.27 61.54
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Table 4 Time consumption for road crack block classification

AoHE s —
IOPLIN WSPLIN-IP DQN(A XX F %)
2X2 21.55 20. 21 23.17
3X3 23.48 22.33 23.95
4 X4 26.70 26. 46 26.47
5X5 28. 60 27.79 30.59
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Table 5 Time consumption for road crack detection of multi-size
block

ARKE R —
Grad-CAM  SEAM AKX F %

2X3+3X3+3X4 A4 41.12 43. 34 45.29
2X2+2X3+3X4 A4 41.87 42.31 45. 82
1X14+2X24+2X3+3X3+3X4 44 50.15 54.52 55.78
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