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Deep learning-based intelligent judgment for radar detection of pavement cracks

DONG Mingshu', CHEN Ligi', MA Chuanyi’, ZHANG Zhuhao', SUN Renjuan', GUAN Yanhua',
ZHUANG Peizhi' "

(1. School of Qilu Transportation, Shandong University, Jinan 250002, Shandong, China; 2. Shandong Hi-Speed Group Co.,
Ltd., Jinan 250098, Shandong, China)

Abstract: This study employed GPR ( ground penetrating radar) to identify and locate surface cracks in typical road segments. The
method combined core drilling sampling and milling observation for validation, resulting in the construction of a database containing
728 radar images. The YOLO v8I algorithm was used to learn crack features. By incorporating an attention mechanism and modifying
the activation function within the YOLO v8I framework, the study overcame the interference caused by the variability of road crack
image features and significant noise, while also eliminating model overfitting. After modifying the algorithm, the model’ s
computational parameters increased, and the computational efficiency improved. The precision and recall rates of the revised
algorithm reached 99.4% and 92.3% , respectively. During training, the mean average precision and loss function fluctuations were
minimal, indicating that the dataset annotation principles were consistent. This proved the effectiveness and reliability of the proposed
method for identifying road surface cracks.

Keywords: ground penetrating radar; artificial intelligence; object detection; deep learning algorithm; convolutional neural network
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4 Hik

AT Ao Al BORE 5 UL SR BE @I AR 25 G
A T EA T SE 0 AR AR RO I A A v U
It YOLO v81 BEAY I 2%k 45 42 | wT LA S BRAR 45 2
ISR BABE TN | PR R A — S LA B, E It
5| A MPCA . SegNext attention, Bi-Level Routing
Attention —FPyF 22 I HLHIIT 20 B HANBOR 15 1
Bi-Level Routing Attention {3 & JJ #L | 5 & ik K%
T MG RS, YIRS FE7E YOLO v81 i 3kfil /53] T
R, R WK £ 99.4% , A R & &
902.3% , 1t qpsy BEES 2 0.974,m, g o5 G % 0,946, 3114
B T JEA N b iR B S A5 B, 6 A2 6 T S48 Y
REFIRR ISR I 12 A By A T RN AT Sk

S 3k

[1] BP0, PRoR. LT = AR 5 1k i) F8 0] o % T
FBR A (], 2038 19 AE 5 PR R, 2024, 20(2):
151-156.

HUANG Zhexiao, TAO Yirong. Analysis of pavement

disease status of Xiangjing expressway based on three-

dimensional ground-penetrating radar [ J ]. Transport
Energy Conservation & Environmental Protection, 2024,
20(2): 151-156.

(2] JRIMREL. B JE A A5G T 4 b 38 TR 8 43 A 55 T i T
(] IR 2SR (TAERR) |, 2018, 48(4) @ 61-68.
ZHOU Chenying. Image analysis and engineering
application of ground penetrating radar in tunnel lining
detection [ J]. Journal of Shandong University ( Engi-
neering Science) , 2018, 48(4) . 61-68.

[3] Jle, AR, VPR, 45, BEIE 255 B A b BT i 4%
ARBFCTREN[T]. IR R 22224 (T2 A, 2017,
47(2) : 55-62.

ZHOU Lun, LI Shucai, XU Zhenhao, et al. Integrated
advanced geological prediction technology of tunnel and
its engineering application [ J ]. Journal of Shandong
University ( Engineering Science) , 2017, 47(2) : 55-62.

(4] mBH, SRPCHA, JE/NI, 5. Hb BT R 38 76 v Ik B i
P AR T ] IR R 2224 (T 22 , 2009, 39
(4) . 82-86.
GAO Yang, ZHANG Qingsong, YUAN Xiaoshuai, et al.
Application of geological radar to geological forecast in
Karst tunnel [ J ]. Journal of Shandong University
(Engineering Science) , 2009, 39(4) . 82-86.

[5] Zipl, A5, ERG, 5. HTREE I 1Y GPR W4



53 3

I A5 T B I A R TR A R RE IR B i 5 79

BODEG H G Py i [T, R A AR, 2022, 37

(4) . 555-567.

LUO Shiguang, REN Qiang, WANG Chenghao, et al.

GPR time-frequency domain joint electromagnetic
inversion method based on deep learning [ J]. Chinese
Journal of Radio Science, 2022, 37(4) . 555-567.

[6] B, HET CNN AR 5 %0 I 5 38 B0 3 H 3)
WAI[D]. KA. HpoRE:, 2022.
ZHAO Yong. Research on inversion of ground penetrating
radar data and automatic detection of road diseases based
on CNN [ D]. Changchun: Jilin University, 2022.

[7] FBaAY. TR LR RS BOEFAT S [ D] B

AR TR 2023.

ZHENG Jinxing. Research on the inversion algorithm for

layered medium parameters in ground penetrating radar

[D]. Guilin; Guilin University of Electronic Techno-

logy, 2023.

CARION N, MASSA F, SYNNAEVE G, et al. End-to-

end object detection with transformers [ C ]// European

[8

[

Conference on Computer Vision. Cham, Switzerland.
Springer International Publishing, 2020, 213-229.

[9] QINZ Y, LU X K, NIE X S, et al. Exposing the self-
supervised space-time correspondence learning via graph
kernels [ C ]// Proceedings of the AAAI Conference on
Artificial Intelligence. Washington, D.C., USA. AAAI
Press, 2023. 2110-2118.

[10] ZHANG X M, ZHAO P, JI J S, et al. Video corpus
moment retrievalvia deformable multigranularity feature
fusion and adversarial training[ J]. IEEE Transactions on
Circuits and Systems for Video Technology, 2024, 34
(8): 6686-6698.

[11] DINH K, GUCUNSKI N, DUONG T H. An algorithm
for automatic localization and detection of rebars from
GPR data of concrete bridge decks[ J]. Automation in
Construction, 2018, 89. 292-298.

[12] OZKAYA U, MELGANI F, BELETE BEJIGA M, et
al. GPR B-scan image analysis with deep learning
methods[ J]. Measurement, 2020, 165 107770.

[13] MESECAN I, BETIM (, I HSAN O B. Feature vector

for underground object detection using B-scan images

from GprMax [ J |. Microprocessors and Microsystems,

2020, 76. 103116.

BETNA . TR TR A B-scan B AU AR 1T 09 H b

Kol 5 g AL BFSE [ D], WA AR, WA R IE Tk K

2. 2021.

XUE Lijun. Research on target detection and location

[14

[

based on hyperbolic-shaped signatures in GPR B-Scan
image [ D ]. Harbin; Harbin Institute of Techno-
logy, 2021.

(157 Flfe, J T8 25 > FIR B 5 H AR 10 (8% 10 205 1 s

Kl FsE[ D], P2 KR, 2018.
TONG Zheng. Research on pavement distress inspection
based on deep learning and ground penetrating radar
[D]. Xi'an; Changan University, 2018.

[16] BIEHE, T2k, W, 4. JET Faster R-CNN 557%

BOPR MR 35 8 2R AR RE RN [T ] ST I, 2020
(3): 203-208.
HU Haobang, FANG Hongyuan, WANG Fuming, et al.
Intelligent recognition of pipeline target based on Faster
R-CNN algorithm for ground penetrating radar [ J ].
Urban Geotechnical Investigation & Surveying, 2020
(3): 203-208.

[17] REDMON J, DIVVALA S, GIRSHICK R, et al. You
only look once: unified, real-time object detection
[C]//2016 IEEE Conference on Computer Vision and
Pattern Recognition (CVPR). Las Vegas, USA: IEEE,
2016 779-788.

(18] B, LEZM, R, % 2T YOLO FAMHMH

KEBE B AR [T]. B R 5 TR,
2023, 23(27): 11505-11512.
QIN Zixin, JIANG Yannan, XU Li, et al. Automatic
detection of anomalies in GPR images based on YOLO
algorithm [ J ].
2023, 23(27): 11505-11512.

[19] #de, BT, SKAEIRE, A5, BRIRHCELRT 3 R F A
REVURN 7 i [ 7], Hu Bk B~ HE &, 2024, 39(6):
2471-2482.

YANG Yang, ZHAO Guangmao, ZHANG Zhihou, et

al. Intelligent detection method for railway subgrade

Science Technology and Engineering,

diseases based on ground-penetrating radar[ J]. Progress
in Geophysics, 2024, 39(6) . 2471-2482.

(20] BORR, BEHT, MHEL. 4R R M A K L T B AT Hh A AT

USRI HLT]. M2E, 2024(2) : 148-152.
ZHAO Zhen, HUANG Yong, FENG Kun. Research and
application of 3D ground penetrating in road detection
[J]. Bulletin of Surveying and Mapping, 2024 (2):
148-152.

[21] JEEIH. FET IO B A (4 7 % 1f 4% S 45 Rtk
ASRPFITIEMFL (D], BIA: ARBR, 2022.
FAN Jianwei. Research on detection and evaluation
method of asphalt pavement cracks and structural state
based on nondestructive testing technology [ D ].
Nanjing: Southeast University, 2022.

[22] BARKATAKI N, TIRU B, SARMA U. A CNN model
for predicting size of buried objects from GPR B-Scans
[J]. Journal of Applied Geophysics, 2022, 200; 104620.

(23] JH&EW], skbg, HAOL, 4. TE T 25 R b R ik
GyRnm B AP [T ] RBF R 22 2 4 ( AR B2 1)
2024, 52(1) . 77-85.

(T4:% 87 )



