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[ Abstract] Tunnel lining detection is an important element of quality management in tunnel construction and maintenance. Due to
the variety of internal lining defects and unclear boundaries makes it challenging to identify these problems and train models effectively.
Relying on manual detection or existing models, it is not possible to achieve fast and accurate defect detection. To address the above
problems, A dataset consisted of 1 922 liner radar samples collected from Yunnan Tunnel B-scan was developed for training the model.
A tunnel lining defect detection model YOLO-Tunnel based on YOLOvS was proposed, which improved the model feature extraction
ability, increased the receptive field, and improved the model localization ability by upgraded the Backbone and Neck. And further
improved the model detection ability by selected the appropriate model size and balanced weight based on the dataset’s scale and target
size proportions. The results show that YOLO-Tunnel has better defect detection accuracy compared to YOLOvSs and also meets the
real-time detection requirements, in which the precision, recall, and mAP are increased by 2.5, 9.0, and 8. 1 percentage points,
respectively, with the inference time increases by 2. 7 ms to 21. 8 ms. The research results provide a reference for further improving the
performance of the detection of tunnel lining detection and the direction of optimization of the model reference.

[ Keywords ] ground penetrating radar; lining inspection; deep learning; objection detection
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Fig. 1 Examples of the training dataset
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Table 2 Depth distribution of different models

FEALA B i
YOLO-Tunnell 3-6-9-3-3
YOLO-Tunnel2 3-3-69-3
YOLO-Tunnel3 3-6-9-6-3
YOLO-Tunnel4 3-69-12-3
YOLO-Tunnel5 3-6-9-12-6

ML &I

r— "
P Backbone 5tk 43

: 1: Neck Bkt 4

Pl 4 YOLO-Tunnel f551%5 44
Fig.4 YOLO-Tunnel model structure diagram

ML www. stae. com. cn



2025,25(16)

712 LT e YOLOVS 1% T8 4o 16 2645 B AG: I) Jf 1 6817

o T S0 P85, 4 4 B (1] 455780 S84 8 ( Params )
FE RSB (FLOPs) o HEAS 248 — sk SR
g A BB 25 R G R RE RS, F 45 R R AL B AR G
B AR TR I 3k 55 A 3R R AR AT B I
BRI R R R AR I 2R S S 5 e, 778
AR A R, BRI
IBRIE
3.2 BUARBINTLESRI

YOLO-Tunnel #5702 %53 ol 56 B 58 e ik iy
Je (AT ROSE RN B, B0 IE T 9T 348 1% 0t A
T T ik T8 95 2 4G 0 BB A S I, Ao A TR A
FEA% 2% ((depth multiple ) F1 58 B £ % ( weight multi-
ple) Z M YOLOvSs B RF, 43 5134 & ok 0. 33 Al
0.5, YOLO-A M¥RJE 4345 YOLO-Tunnell — 2,
AEEAY ST R RS X e an e 3

T o B R T AT AR R TR s A R
AR R S . 8 3d YOLOvSs F YOLO-A [y %t
FE T, FRATR 2R — J2 3 FH A0 2 B U /N 1 A 700 g e f
s (R ] B A >, DR R B (]
FEASE T AW 7 T, 78 GPU i
T, /ANBERL T [R] AN £, T 22 G B[R] AR 2 AE
T NAFIIA R AR SO TR O R 3G TS B | 5 B Aes
s TR R AT 2 FE B, A T A AR A B ]
Wit YOLOvSs F1 YOLO-B A9 XF b ] %1, 48 fil FPN-
PAN AR RGBT 4 (A AT e S8 I 1 A5 70 e 2 B
[&, % YOLO-Tunnel2 F1 YOLO-Tunnel5 , f# C3
BEEUWHON 8 A= B 12 &, MRS [ 3 m T
2.5 ms,

R 4 /9B HE v &, B B3t Backbone A9
YOLO-A #HEt YOLOvSs MR PERE YA $2 7, (R b4
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Table 3 Model detection speed comparison

B 2 Fik SRt /M BHAE/G HEREASE]/ ms
YOLOVSs 7.0 16.0 19. 1
YOLO-A 6.8 4.7 19.4
YOLO-B 7.1 18.7 20. 4
YOLO-Tunnell 7.1 5.4 22.8
YOLO-Tunnel2 7.2 5.4 22.3
YOLO-Tunnel3 7.1 5.5 23.3
YOLO-Tunnel4 7.4 5.8 24.5
YOLO-Tunnel5 8.0 5.9 24.8

x4 BERNEEILE

Table 4 Comparison of model detection performance

BT 44 HE/% BEHR/ % mAP/% F
YOLOvSs 72.2 63.1 69.5 0.67
YOLO-A 74.9 66. 9 74.6 0.72
YOLO-B 69. 8 65.0 70.3 0.70
YOLO-Tunnell 76.4 70.9 75.2 0.72
YOLO-Tunnel2 67.0 71.8 71.4 0. 69
YOLO-Tunnel3 73.4 68. 4 72.6 0.71
YOLO-Tunnel4 71.0 70.7 71.9 0.71
YOLO-Tunnel5 78.8 67.6 74.3 0.72

TE P R R R,

5 YOLO-A (% [, Neck #4314 i ik B AR FEAR T
PR A, H R PR v T R AR A3 [0 R R O 3
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YOLOvSs, Hob§ i 38 43 M1 R KA $2 T, mAP $271 1
4.7 MES A, YOLO-Tunnel5 5 YOLO-Tunnell #H
Ll AR AR A e (H A R IR, TN I e i I
JKF T4 YOLO-Tunnell 528 2 J5 A8 A RS 2l
R A A A R ) BE RS A
3.3 HRERSTRSHMMLERE

AN ) RS 38 5 23 % I 2 245 R AT RS2 )
ARSLIZ IR YOLOVS ALY [ TR J3E 1 58 BE A% 3, 4
YOLO-Tunnel RINE n. s m. L4 DR SF B
ﬂ,/ﬂ\:q:‘ YOLO-Tunnell FREHRIR ST A s,

HHE YOLOVS £ Glenn'™ 7E github %k X (i) H
iR loss. py H Y- M7 A EE 2 PR 38 Neck 250 B
3 ANC3 BB Head %544 1) H b5 1 2 ALE (object
loss) , YOLOvS FI# UG- AL I Ry
self. balance = {3:[4.0,1.0,0.4]}. get(m. nl[4.0,

1.0,0.25,0.06,0.02]) (2)
K (2)H1:[4.0,1.0,0. 413X 3 DSHO W) LR A
Y55 17,20 23 JZHY C3 #EBR, BT/ R
SERIRRST A B AR I, Z 800035 & LA COCO £
P M FLhl RS I G A R N TS5,

ABAEE A 78% 1y KT H bR, P 1S 9%
o RSH H s B ACER T AR R/ B AR AL, LAk
HEABE AR Sy H A 2% 1 22 P A AR AR 28 0 K
el By
self. balance = {3:[3.5,1.5,0.3]}. get(m. nl[4.0,

1.0,0.25,0.06,0.02]) (3)

13 YOLOVS 1 YOLO-Tunnel (AN [R] R ~f 455
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PR B3N B RS RS 78 A B4l B A T 4 i R R
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Fig. 5 Comparison of different balance weights
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Table 5 Comparison of model improvements

o U/ % H A mA, %JEI}E
AR 1 WE
A W i R K% % ims

YOLOV5s 66.6 55.0 87.2 72.2 63.1 69.5 0.67 19.1
YOLO-Tunnel 80.4 63.3 89.0 74.7 72.1 77.6 0.72 21.8
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Table 6 Comparison with other models
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Fig. 6 Comparison results between the proposed model and other models
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