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Abstract

Crack detection is a critical task to ensure the safety of all types of facilities. However, the complex
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structural surface noise and interference hinder the identification of cracks. After the deep learn-
ing technology identifies the crack, the relevant parameters of the crack cannot be further ob-
tained, and the crack detection is still challenging. In order to solve the above problems, an intel-
ligent identification method for concrete surface cracks based on the combination of deep learn-
ing and image processing technology is proposed. On the basis of U-Net, the network is constructed
by multi-level feature fusion and the introduction of image gradient to realize the extraction of
cracks, and the image processing technology including connected domain denoising, fracture con-
nection, edge detection, fracture skeletonization, fracture parameter calculation and other processes
is constructed to realize the automatic acquisition of fracture parameter information. Through
experimental verification, the improved U-net algorithm can extract cracks and make the mPA
reach 90.08%. The image processing technology calculates the crack parameters, and the crack
width is close to the actual value, and the relative error is less than 10%. The research results
show that the algorithm in this paper has high accuracy of crack detection results, and the calcula-
tion accuracy of crack parameters meets the requirements of engineering application.
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Figure 1. Schematic diagram of crack
image acquisition device

1 REEGRERETEE

22. BERE

AR R IFARSERR RS, ER R P IR R RS O e R, R EXERETIRE. A
SCRM R BOR[LAJEAT R RARE - WP 2 Fros, oIR8 55 B bl RO) —ZERS NG AR bnil, —
YRS — R, AB. AC [5EBR R~F )y 25 mm. F A python 3 H3k45 AB G FEKE d,, AC 1%
RKEd,, HAKILT, AB=AC. /N FHLT IS mE R R AR 2, BN E AL E

_ 4, +d,

0= )
PR TR S R 5 SO R I 9 R IR R bR I, AR T
D
k= @)

Horb, DoAY SEbR RSE, A 25 mm: d 4B G IEERSE, BALA pixels

DOI: 10.12677/aam.2023.123115 1132 IR Esid


https://doi.org/10.12677/aam.2023.123115

W

Figure 2. Schematic diagram of QR code
placement
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Figure 3. Structure of crack segmentation network
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Figure 4. Measurement process of crack parameters
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Figure 5. Eight fields of P1 pixel
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Figure 6. Display of thinning algorithm problems
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Figure 8. Schematic diagram of crack width calculation
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Table 1. Quantitative evaluation results of algorithm
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Figure 9. Crack identification results of the algorithm in this paper
9. ANXEEHERFILER

3.3. REETEHEM

SIRAEA SRR I SOTA VA ACPE, RTE O th BB ST SRR, S A4 5
(ORGPl WRRTE ) 0.01 mm. Oy B RBAGR 6T AR bE, 1P O L8408 F W28
AT AR NI R ORI, (350 T RIS L, I0FE 10 BT

SRIASCH N i, 5 O TSR AR RO RT3, RS9 FLLE Rl 22 2
e WERFTLUB L, A SRR A S S B (R B R, RS2 5 S SRR WA
TG4 1006 BA18,  ER A SC IR SRV e

DOI: 10.12677/aam.2023.123115 1138 IR Esid


https://doi.org/10.12677/aam.2023.123115

e

0.50 1 — A Y T S5 5

0.451
g 0401

£
=] 035
iR
2 030+
B

025

0.20 4

0.15+

0 50 100 150 200 250 300 350 400
BB T 1A
Figure 10. Crack width distribution curve

10. REEFTEHHEAL

Table 2. Crack width test results
2 BETERNER

et S B8 FEImm THELBE B fmm 201 ZE Imm AHXT 1R ZE 1 (Yo)
RKE P E PN SFIME PN FHME PN YA
A 1.15 0.38 1.177 0.408 0.027 0.028 2.35 7.37
B 1.27 0.36 1.316 0.389 0.046 0.029 3.62 8.06
C 0.96 0.46 0.998 0.482 0.038 0.022 3.96 4.78
D 0.78 0.40 0.767 0.379 0.013 0.021 1.67 5.25
E 0.92 0.39 0.941 0.401 0.021 0.011 2.28 2.82
F 0.52 0.35 0.548 0.370 0.028 0.020 5.38 571
4. &g

FEXTOUA REERIWE T LTI, ARSI T —Fhd T3R5 5] 5 R A BRI 45 & (TR e+
RIMAGEE RN TTE, AT TSR IIE.

1) X U-Net 3815 22 > BB 7 B EEAS R HEAT CCHER IR IR 48 . RIDZPAFIERL G, BT IR RS 2 2=
Py ISINIAZ ANy SON TN 25 SR ABEAT 1D R AR 52 oL

2) NIRFERESHRNRESE, IR ) FEIRBCGRAE G AT T — RPN BB AL BEEOR, 8T 5Eas
REHSAEX L RR: REETEE BRI 5 TP EMN IRZENT 10%, BT RZEGEN, BiE 7 A%

BRI ATE
3) 85 45 o T B R TR 3 1 ke S B 0E, 1L B ) O e 75 R 5

IRIERIN .

S50k

[1] Zakeri, H., Nejad, F.M. and Fahimifar, A. (2017) Image Based Techniques for Crack Detection, Classification and
Quantification in Asphalt Pavement: A Review. Archives of Computational Methods in Engineering, 24, 935-977.
https://doi.org/10.1007/s11831-016-9194-z

DOI: 10.12677/aam.2023.123115 1139 IR Esid


https://doi.org/10.12677/aam.2023.123115
https://doi.org/10.1007/s11831-016-9194-z

e

[2]

(3]

(4]

(5]

(6]
[7]
(8]

[°]

[10]

[11]
[12]
[13]

[14]
[15]

[16]

[17]
[18]

[19]

[20]

Sattar, D., Thomas, R.J. and Marc, M. (2018) Comparison of Deep Convolutional Neural Networks and Edge Detec-
tors for Image-Based Crack Detection in Concrete. Construction and Building Materials, 186, 1031-1045.
https://doi.org/10.1016/j.conbuildmat.2018.08.011

Hsieh, Y.A. and Tsai, Y.J. (2020) Machine Learning for Crack Detection: Review and Model Performance Compari-
son. Journal of Computing in Civil Engineering, 34, Article ID: 04020038.
https://doi.org/10.1061/(ASCE)CP.1943-5487.0000918

Cha, Y.J., Choi, W. and Buyukozturk, O. (2017) Deep Learning-Based Crack Damage Detection Using Convolutional
Neural Networks. Computer-Aided Civil and Infrastructure Engineering, 32, 361-378.
https://doi.org/10.1111/mice.12263

Ren, S., He, K., Girshick, R., et al. (2017) Faster R-CNN: Towards Real-Time Object Detection with Region Proposal
Networks. IEEE Transactions on Pattern Analysis & Machine Intelligence, 39, 1137-1149.
https://doi.org/10.1109/TPAMI.2016.2577031

Zhang, Y., Huang, J. and Cai, F. (2020) On Bridge Surface Crack Detection Based on an Improved YOLO v3 Algo-
rithm. IFAC-PapersOnLine, 53, 8205-8210. https://doi.org/10.1016/j.ifacol.2020.12.1994

Lecun, Y., Bengio, Y. and Hinton, G. (2015) Deep Learning. Nature, 521, 436-444.
https://doi.org/10.1038/nature14539

Badrinarayanan, V., Kendall, A. and Cipolla, R. (2017) SegNet: A Deep Convolutional Encoder-Decoder Architecture
for Image Segmentation. IEEE Transactions on Pattern Analysis and Machine Intelligence, 39, 2481-2495.
https://doi.org/10.1109/TPAMI.2016.2644615

Zhao, H., Shi, J., Qi, X, et al. (2017) Pyramid Scene Parsing Network. 2017 IEEE/CVF Conference on Computer Vi-
sion and Pattern Recognition (CVPR), Long Beach, 25-27 April 2017, 6230-6239.
https://doi.org/10.1109/CVPR.2017.660

Chen, L.C., Papandreou, G., Kokkinos, 1., et al. (2017) Deeplab: Semantic Image Segmentation with Deep Convolu-
tional Nets, Atrous Convolution, and Fully Connected Crfs. IEEE Transactions on Pattern Analysis and Machine In-
telligence, 40, 834-848. https://doi.org/10.1109/TPAMI.2017.2699184

Ronneberger, O., Fischer, P. and Brox, T. (2015) U-Net: Convolutional Networks for Biomedical Image Segmentation.
18th International Conference, Munich, 5-9 October 2015, 234-241. https://doi.org/10.1007/978-3-319-24574-4_28

Ren, Y., Huang, J., Hong, Z., et al. (2020) Image-Based Concrete Crack Detection in Tunnels Using Deep Fully Con-
volutional Networks. Construction and Building Materials, 234, 117367.
https://doi.org/10.1016/j.conbuildmat.2019.117367

TEVE, MG, SKOCHE, S BT RRZEANE R SNSRI P ALAE R DI U-Net Soi B[], o L LAE, 2022, 1-14.
AT, REGE. FET TYERGIR PAP BUERT T[], BOtEOGH T A RERE, 2020, 57(12): 304-312.

Ren, X., Xing, Z., Xia, X., Grundy, et al. (2019) Neural Network-Based Detection of Self-Admitted Technical Debt:

From Performance to Explainability. ACM Transactions on Software Engineering and Methodology, 28, 15.1-15.45.
https://doi.org/10.1145/3324916

Eelbode, T., Bertels, J., Berman, M., et al. (2020) Optimization for Medical Image Segmentation: Theory and Practice
When Evaluating with Dice Score or Jaccard Index. IEEE Transactions on Medical Imaging, 39, 3679-3690.
https://doi.org/10.1109/TMI.2020.3002417

WREE. LT BB Hr OB R RGN 5 W FE[D]: [t 2 Ari 3], L EREEEAR K, 2016.

Zhang, T.Y. and Suen, C.Y. (1984) A Fast Parallel Algorithm for Thinning Digital Patterns. Communications of the
ACM, 27, 236-239. https://doi.org/10.1145/357994.358023

Grelard, F., Baldacci, F., Vialard, A., et al. (2017) New Methods for the Geometrical Analysis of Tubular Organs. Medical
Image Analysis, 42, 89-101. https://doi.org/10.1016/j.media.2017.07.008

Fu, H.X., Meng, D., Li, W.H., et al. (2021) Bridge Crack Semantic Segmentation Based on Improved Deeplabv3+.
Journal of Marine Science and Engineering, 9, 671. https://doi.org/10.3390/jmse9060671

DOI: 10.12677/aam.2023.123115 1140 AR A

il


https://doi.org/10.12677/aam.2023.123115
https://doi.org/10.1016/j.conbuildmat.2018.08.011
https://doi.org/10.1061/(ASCE)CP.1943-5487.0000918
https://doi.org/10.1111/mice.12263
https://doi.org/10.1109/TPAMI.2016.2577031
https://doi.org/10.1016/j.ifacol.2020.12.1994
https://doi.org/10.1038/nature14539
https://doi.org/10.1109/TPAMI.2016.2644615
https://doi.org/10.1109/CVPR.2017.660
https://doi.org/10.1109/TPAMI.2017.2699184
https://doi.org/10.1007/978-3-319-24574-4_28
https://doi.org/10.1016/j.conbuildmat.2019.117367
https://doi.org/10.1145/3324916
https://doi.org/10.1109/TMI.2020.3002417
https://doi.org/10.1145/357994.358023
https://doi.org/10.1016/j.media.2017.07.008
https://doi.org/10.3390/jmse9060671

	基于深度学习与图像处理技术的混凝土表面裂缝智能识别
	摘  要
	关键词
	Intelligent Recognition of Concrete Surface Cracks Based on Deep Learning and Image Processing Technology
	Abstract
	Keywords
	1. 引言
	2. 混凝土表面裂缝检测方法
	2.1. 裂缝图像采集
	2.2. 像素标定
	2.3. 深度学习算法与实现
	2.3.1. 裂缝分割整体框架
	2.3.2. 损失函数

	2.4. 裂缝参数测量
	2.4.1. 连通域去噪
	2.4.2. 断裂连接
	2.4.3. 边缘检测
	2.4.4. 裂缝骨架化
	2.4.5. 裂缝宽度计算


	3. 实验结果与分析
	3.1. 评价指标
	3.2. 裂缝分割实验结果与分析
	3.3. 裂缝宽度检测

	4. 结论
	参考文献

