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Abstract; Concrete surface crack detection is an important means of concrete building safety assessment

and risk early warning. The traditional manual detection method has a large workload, and it is necessary

to consider factors such as personal safety in complex environments. The crack detection method based on

UAV has been applied, but when affected by uncertain factors,

samples, which limits their detection performance. Th

detection method for concrete surface under the cond

deep networks Faster-RCNN and YOLOX are used,

UAV cannot collect enough training
erefore, based on UAV and deep learning, a crack
ition of few samples is proposed. The mainstream

and the detection results are fused by WBF

algorithm, which effectively alleviates the detection performance degradation caused by less pixel-level

label information. Experimental tests were carried out in a few sample crack image library and outdoor

sites. The test results show that the performance of the crack detection method based on UAV and deep

learning is effectively improved under the condition of few samples, and the accuracy of crack detection is

58.67%.

Keywords ; concrete ; cracks ; detection ;unmanned air vehicle( UAV) ;deep learning
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Fig.1 Overall structure and process of crack detection
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Table 1 Model training parameter setting

Al FET ™% e AU
Faster-RCNN Resnet50 SGD 6 000
YOLOX Darknet53 Adam 1200
DeepLabv3+ Xception Adam 2 000

U-net VGGI16 Adam 3200
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Table 2 Performance comparison of crack

detection network

TREE T P/%  BEER/ % F 5350 %
Faster-RCNN 38.17 55.46 45.22
YOLOX 61.26 37.31 46.38
WBF fili & 58. 67 46.23 51.71

i13% 2 A] 1, Faster-RCNN 7E A [ 3R | 36 9 i
UF , YOLOX 7EXG ¥ 3R IR if . >R WBF 520K
2 P g R A5 R AT RS S, BRI TR S H
Ml ERRE F, 250Rm, U2 WBF /G 5
1Y 28 25 PERE BB
2.3 fE A

TEZLEERIIAT: 55 v, 4 R WBF B L4t
NMS B35 S — 3 e OGS () 455 280 A I 45 SR 78 47 ol
A, DA SRR MR RE | 25 R AR 3 s,



2024 No. 21 REIREE LT IE AN G TR BE 2 ] 1) DR AR B 3% T L A AG I Jy 12 9
*3 HEANBERRER
Table 3 Experimental results of crack detection ablation
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Fig.3 Crack detection results of target 1
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Fig.4 Crack detection results of target 2
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