£ 2025 4F 4525 % 57 W B R 5 TR ISSN 1671—1815
T x 2025, 25(7) :02997 - 10 Science Technology and Engineering CN 11—4688/T ;. n

4

DOI;10. 12404/j. issn. 1671-1815. 2309259
SIAMESC: G, Bl M5, & Sk YOLOVS B BRI e MR [ 1] Bk 5 TR, 2025, 25(7) : 2997-3006.
Lu Guanhong, Lii Chengshun, Tian Juan, et al. Highway tunnel lining crack detection based on improved YOLOv5[ J]. Science Technology

and Engineering, 2025, 25(7) : 2997-3006.

it YOLOvVS BY 2 2% BE 18 4 W) 32 4% #& Ml

SRR, SR, @57, dRE, LR et e
(1. ﬁkﬁzﬁ@ﬁﬁ%zﬁ,ma 250002; 2. LA G A A A, 5 250098,
3. R TR AR A, FRE 250002; 4. 1764 TAAERBFGIE, HFR 250101)

W OB SR ERGAT AR T VA A IR AE R MR AR AR, AT R R LA O R B e A2 A AR ) BB e B

BT AL TIREF T O EEAT B LK M W 25 YOLOVS-CT( YOLOvS CBAM Transformer) , # B L Em KB A, ML

‘3] A T Transformer ££3e & 2 &7 464 M ZOR . Transformer B335 7% 69 K 3B %Wﬁ?ﬁ IR AL BT AT I ey A | B Ak 4% R o
FIFNHERRAG LT XA E, o, ZMAEHFAERESIFRSEER T EAIEFE A HH CBAM (convolutional block attention

module) , /£ A REHIEE Loy E1 4 R £ . YOLOVS-CT 45 AP50 F= AP (average pre(mon) \7‘5' | 7T VA ik 3] 85.2% #= 51.3%

AR TR &L AEA YOLOVS 423 T 8.9% = 12. 1% , 45 /£ 48 T YOLOX,YOLOv3-MobileNet 4 3+t 3 - B ARt il M 2%, £

640 x 640 HF &4k T He 32 ik & 3K 3] 161. 3 £/s(frames per second) , 7T vA 52 I [ 18 AT A1 L 4% 52 b6 ) |

Rl AR rEE; SN Transformer; & AHLH; YOLOVS

hEES IS U4571.2 TP 391.41; SCHkbR RS A

Highway Tunnel Lining Crack Detection Based on Improved YOLOVS

LU Guan-hong', LU Cheng-shun', TIAN Juan®, NAN Xiao-cong’ ,
MA Yin-giang’, LIU Jian"** | XIE Quan-yi'
(1. School of Qilu Transportation, Shandong University, Jinan 250002, China; 2. Shandong Hi-speed Company Limited,
Jinan 250098, China; 3. Shandong Hi-speed Engineering Test Co, Ltd, Jinan 250002, China;
4. Shandong Research Institute of Industrial Technology, Jinan 250101, China)

[ Abstract] Efficient and accurate crack detection can provide a basis for assessing the structural safety of tunnels. Aiming at the
shortcomings of traditional crack detection methods, which are complex and weak in generalization ability, an improved algorithm
YOLOvS5-CT( YOLOv5 CBAM Transformer) for tunnel lining crack detection was proposed. Considering the slender morphology of the
cracks, the network introduced the Transformer module to improve the crack detection effect. The strong long-range dependency capture
ability of the Transformer module enabled the proposed detection model to fully learn the contextual information of the crack region. In
addition, the network integrated the convolutional attention mechanism CBAM ( convolutional block attention module) in neck. The ex-
periment shows that the YOLOvV5-CT can achieve AP50 and AP of 85.2% and 51.3% , respectively, which is an improvement of
8.9% and 12. 1% compared to the baseline model YOLOVS. It is better than other one-stage object detection networks in terms of ac-
curacy, and the inference speed reaches 161. 3 fps under 640 x 640 pixel conditions, which meets real-time detection of tunnel lining
cracks.

[ Keywords] highway tunnel; crack detection; Transformer; attention mechanism; YOLOv5
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Fig. 3 Convolutional block attention module attention

mechanism structure
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Table 1 Model training parameters

" A mE
1L e - ik R R
YOLOv3-MobileNet 640 x640 0.0005 0.900 100 4
YOLOvS 640 x640 0.0005 0.937 100 4
YOLOX 640 x640 0.0005 0.937 100 4
YOLOvS-CT 640 x640 0.0005 0.937 100 4
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P=p 1 Fp

x 100% (2)
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YOLOVS-T — Vv 76.7  41.1 220 20.1
YOLOV5-CT vV vV 85.2  51.3 311  20.2

&3 FAMKERME RS FR RTINS R
Table 3 Prediction results after adding salt and

pepper noise to the original test dataset

el P/% R/% AP50/% AP/ %
YOLOv5 69.8 47.4 61.0 34.0
YOLOVS-T 72.5 48.6 65.4 37.2
YOLOV5-CT 79.3 52.9 70.5 46.2

x4 FEHNKERNSHREENERTNER
Table 4 Prediction results after adding Gaussian

noise to the original test dataset

] P/% R/% AP50/% AP/ %
YOLOV5 75.6 57.7 68.8 36.9
YOLOVS-T 76.0 59.1 72.6 39.7
YOLOvV5-CT 81.2 64.5 77.0 50.2
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YOLOvS-T M4, YOLOvS-CT EL A5 55 4 (1972 1k fiE
FNZLE T PERE

&l 4 678 YOLOvS F1 YOLOvS-CT 5 55 76 45 4
PREGT 2 A Y8 43 18 8 R AE, T DUAR B B R
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LAY AE 55 15 56 & St b BLBE B, YOLOVS-T HiI
YOLOvS-CT 7E5 22 F&JF 4 30k 2y, H il £k 8k 3
R R B /N 5 22 A8 & YN 4k 45 R, YOLOVS-T #I
YOLOvS-CT #5125 th 26 JL-F- ¥ 17, DL b 8% vt i
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Fig. 4 Comparison of channel features

WIE 9
13 W _14 I _15
(a) YOLOVS B2 it FHE IE
0.40
—e—YOLOVS
) —4—YOLOV5-T
035F ——YOLOV5-CT

Ja
K5 3 FRTE 2R RO AR B A HR - 1L

Fig.5 Loss curves of the three models on the crack dataset
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Table 5 Training metrics for different
models on the crack dataset

HEiA AP/%  AP50/% APT5/%  R/%  Wi%/lps
YOLOV3-
_ 34.1 74.5 28.0 45.0 84.3
MobileNet
YOLOX 22.9 59.9 12.0 44.1 83.8
YOLOVS 39.2 76.3 35.3 70.1  204.1
YOLOV5-CT ~ 51.3 85.2 53.0 77.5  161.3

YOLOX 5 25% \17. 7% F1 41% , BRI A B R A1
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Fig. 6 Prediction results on models with different recall values
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