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Table 1 Results of ablation experiments

CA  GSConv  VoV-GSCSP ECloU Precision/%  Recall/% mAP@0.5/% Z:%&#/10° 1158 & /GFLOPs Wi/ (Mi-s™")
68.9 70.3 73.5 2.7 8.2 118
v 73.0 70.9 74.7 2.6 8.0 125
vV 75. 4 68. 1 74.0 2.6 8.1 108
vV 71.7 68.9 73.8 2.6 7.7 95
vV 71.5 71.1 74.8 2.7 8.2 123
vV 4 72.9 71.0 74.7 2.4 7.9 111
Vv Vv 71.5 68.2 74.2 2.4 7.5 102
Vv vV 73.6 68.2 74.1 2.6 8.0 100
vV Vv 74.8 64.8 73.3 2.5 7.6 103
vV vV 72.2 71.1 74.2 2.6 8. 1 119
VvV vV 73.2 70. 8 74.8 2.6 7.7 101
vV vV v 75.5 70. 4 74.3 2.4 7.4 118
vV vV vV 69. 1 71.3 73.8 2.4 7.9 116
Vv Vv vV 75.3 69.8 75.1 2.4 7.5 103
vV v v 75.5 64.7 74.2 2.5 7.6 100
Vv vV 2 vV 77.2 67.2 75.9 2.4 7.4 102
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Table 2 Results of comparative experiments on RDD2022_China dataset

F A Precision/ % Recall/% mAP@ 0.5/% ZH /106 R E/GFLOPs Wi/ (Mi-s™")
Faster R-CNN 64.2 44.6 61.8 137.1 201. 1 37
SSD 88. 8 49.0 72.7 23.9 137.0 53
YOLOv8n 74.7 62.3 72.5 3.0 8.1 158
YOLOv9t 72.3 69.2 73.2 2.1 6.7 89
YOLOvIOn 68.9 70.3 73.5 2.7 8.2 118
YOLOvlln 76. 1 66.2 72.9 2.6 6.3 131
YOLOv12n 73.1 69. 1 72.8 2.6 6.3 82
YOLO9tr' ™! 73.7 69.9 74.2 10. 1 40.2 40
MMR-DETR " 75.2 74.0 74. 4 19.5 51.1 67
YOLO-CGVE 77.2 67.2 75.9 2.4 7.4 102

M YOLOv12n A H, YOLO-CGVE [ Precision 43 3 &5
HT L1 ESEMA 1 EHS S, mAP@0. 5 43 &
T30 AmEM3 B, 5 YOLOYtr A I,
YOLO-CGVE B Precision Fl mAP@ 0.5 43l & i T
3.5 HA AR 1.7 H A A, SR R R AR,
5 MMR-DETR #H I, YOLO-CGVE HJ Precision Fl
mAP@ 0.5 435 EH T 2.0 @S L5 {4y E TR
SRR A T S LR S R R TR 2
PR IAR AR SCHR B O R R AR R AR Y IR
I L B8 v T ARG DR B BT LR
2.5 FHLSH

W 6 B, T 5 10 b B /R A5 i ot i IR
G 28R 0 P A, RIS A T Y 10 SR AE A RIS
(B 6(a) Ty s EZ th JTC AHLIAEE, B 6(b) Th i
Ji i PEIA5 el 80 e T LA ) ke R A7 A 0 2% 2R e
Hir Ground Truth J2: 48 F 2 P14k A5 7Y G 00 o 6 14 19
BOHE 1 L AR A

MIEL 6 1 6 I 2% 5 R, YOLOv10n 78 A6 U fif
5 % B I8 BEARLR Bk Akl 5400 5 R WSS RIS
TONF I L BE YOG T, DT BT T A L Y
Az B /INFIME LU A B AR AR TE T R R R
K A5 B0, AT B2 W T A DK L MR T
YOLOv10n, A< SC 42 H i et AL B YOLO-CGVE X A
[ PR 5% T AN (] 26 80 (1 %8 A B A B O € 19 A T K
TR LA AS B T s T W AR SRR R (1 o i
PETET X 4% H AR 561 DL R 4085 T A DU
BB, DT it o 1SS 26 o T J 2 4% 1 A R
2.6 zib=xie

BT 5% YOLO-CGVE RyiZ 4k e 1, F F i
RIFE CRACKS00 > B4 42 I 14 50 9 45 SR ok 43 #r
IF45 Hofth B R AL SEAT T X L, SR A5 R an Sk 3 T
N EREM, SEHAA YOLOvIOn AH ., YOLO-
CGVE FEA M g I & 2 $2 TF, Horh Precision 2

TO1 EHAE,KAT 71.1%,mAP@ 0.5 #7557
4.3 A, R8T 68.2%, SR YOLO-CGVE f
Recall FAXEAR , X F T2 H FHEIAUS - T Precision
DA A1 o) S S 28 A A 00 v ) RS AR 0, X < B DL A 4k
TE 507 (1 0 2 b v B AR O 10 2 1 4 4% H bR ok
HARXT LB A 24 4% H bR g iR R ] R K R
Recall 3¢ YOLOv10n 47 B T B (FIZ T B B8N,
REEHETY Precision 5 mAP@ 0. 5 42 T17H7 5 # 5% {4 4
REHE T, 5 At A8 T 452 Y AH FL, YOLO-CGVE {5 3%
P T AR AR N M R . SR AN IR R AR Sk i
(1o 455 780 7 JHL b 3 [ S e S A L R I R A

|

(@) 7ETANUHIBEE R B IRR

YOLO-CGVE YOLOv10n Ground Truth

YOLO-CGVE YOLOv10n Ground Truth

(b) TR BEF IR AR B RIRR
E 6 YOLOv1On 5 YOLO-CGVE # il s R 3¢t bt
Figure 6 Comparison of detection effects between

YOLOv10n and YOLO-CGVE



48 IR PN s 3 - S QRIS ) 2026 4
&3 7 CRACKS00 HiEE LHZHKRWER
Table 3 Results of generalization experiments on CRACKS00 dataset
il Precision/ % Recall/ % mAP@ 0.5/ % ZHE/10° T /GFLOPs Wi/ (i-s™")
Faster R-CNN 28.6 85.9 57.4 137. 1 201. 1 46
SSD 63.2 40.9 52.6 23.9 137.0 37
YOLOv8n 64. 4 68.7 61.1 3.0 8.1 138
YOLOv9t 65.0 64. 4 65.5 2.1 6.7 81
YOLOv1On 62.0 63.3 63.9 2.7 8.2 105
YOLOvl1ln 61.1 68.0 65.6 2.6 6.3 123
YOLOvI2n 60. 8 62.0 62.1 2.6 6.3 86
YOLO9u! '™ 64. 1 64.0 67.0 10. 1 40.2 55
MMR-DETR'"*’ 70. 4 66.7 67.2 19.5 51.1 57
YOLO-CGVE 71.1 62.0 68.2 2.4 7.4 92
A IEEE, 2014, 580-587.
3 it . o )
[4] Ren Shaoqing, He Kaiming, Girshick R, et al. Faster R-
AP T Al B T B 2 e A ) A T CNN: towards real-time object detection with region pro-
YOLO-CGVE 5 i i il CA #5H #: 8 PSA 5 Bt 4 posal networks[ J]. TEEE Transactions on Pattern Analysis
— and Machine Intelligence, 2017, 39(6) . 1137-1149.
SR YRR AR 42 MUCBE ) J8 o i ] GSConv B # 7E J3 °
- . b pp S . . [5] Yang Ziyi, Lan Xin, Wang Hui. Comparative analysis of
Conv , 78 R IEAR BRI PEBEAY BT 4R T, W /> T3 . . . .
YOLO series algorithms for UAV-based highway distress
e . % P 4 ; i
il ’ﬁﬁ{iﬁﬁ VoV-GSCSP 3 # S 9 2 1 ¥y C2f 15 inspection: performance and application insights [ J].
Yo, b — D REAR T8 2 2% i il ok R ECIoU AR Sensors, 2025, 25(5) : 1475.
CloU 5 2% pREL , $12 T 1 A I A 5 A 780 1] 2 ik 2 o [6] Redmon J, Divvala S, Girshick R, et al. You only look
RO B, SR 45 L0 Bodk e AR R 5 R IR once: unified, real-time object detection[ C] //Proceed-
FR YA L ,mAP@ 0. 5 BT 75.9% , ﬁ%% T2.4H ings of the 2016 IEEE Conference on Computer Vision
A %ﬁﬁﬁﬂ»%iﬁ%uyﬁ&h T 11.1% %1 9. 8% and Pattern Recognition ( CVPR). Piscataway: IEEE,
IR PR B8 ARG R 1 O 1 T R R UL, 12 2010z 779788
IhBE H7 Beak R ST BRI Y ’E—E%%)k [7] Liu Wei, Anguelov D, Erhan D, et al. SSD: single shot
i . . . MultiBox detector [ C ] // Computer Vision—ECCV 2016.
ARG ik — AP Y 78 1E e A B A RN R _
. S _ N Cham: Springer, 2016 21-37.
o IR B4R FNS Z T B RS R I, SR Y 1Y . . .
[8] Wang Xueqiu, Gao Huanbing, Jia Zemeng. Improved
G B A A oy SE 57 PR
;Fi {JUEEﬂﬁfj‘h ﬂ ’ )ﬁ =k Eﬂ: JL I,ﬂz /H‘%%.?{ﬁ H 9:{] road defect detection algorithm based on YOLOv8[J].
S =R s S S g M o AP i ] o
PAZR TR A ﬁ&*XTjtiﬂﬁ'fTﬁﬂﬂﬁo Computer Engineering and Applications, 2024, 60(17) .
. 179-190. [ EE R, MM, #Ed. ¥k YOLOvS
5% Wk L LR A TR G oL,
3 BB R B TR [ 0]+ L TR 5 R 2024,
[1] Sun Zhen, Zhu Lingxi, Qin Su, et al. Road surface de- 60(17): 179-190. ]
fect detection algorithm based on YOLOv8[J]. Electro- [9] Hu Fengkuo, Ye Lan, Tan Xianfeng, et al. A refined
nics, 2024, 13(12): 2413. YOLOv8-based algorithm for lightweight pavement disease
[2] LiJun, Zhou Keyu, Zou Jun, et al. Protective equipment detection[ J]. Journal of Graphics, 2024, 45(5) . 892-
wearing detection algorithm in construction scenarios 900. [®ARUFE, ™22, #E B0, & —Fp 3Tk
based on YOLOv8n[J]. Journal of Zhengzhou University YOLOv8 b B s ER I B L (1], B 2=,
( Engineering Science) , 2025, 46(3): 19-25. [ 2%, 2024, 45(5) : 892-900. ]
JAREE, 487, . EET S YOLOVSn I T3 5t T [10] Li Shanbin, Huang Yujun. Damage detection algorithm
[ 4 2% A W S A I B v [T ], M R (T % based on Faster-RCNN[ C] //The 5th International Con-
RZ), 2025, 46(3): 19-25. ] ference on Electronics and Communication, Network and
[3] Girshick R, Donahue J, Darrell T, et al. Rich feature Computer Technology ( ECNCT ). Piscataway: IEEE,
hierarchies for accurate object detection and semantic seg- 2023: 177-180.
mentation[ C]//Proceedings of the 2014 TEEE Conference [11] Wang Jinlei, Meng Ruifeng, Huang Yuanhao, et al.

on Computer Vision and Pattern Recognition. Piscataway :

Road defect detection based on improved YOLOv8s model



54 # FH P, % . ok iF YOLOv1On (1975 2 4k 8 [ 24 4% 46 ) 55 751 49

[J]. Scientific Reports, 2024, 14. 16758. [18] Li Hulin, Li Jun, Wei Hanbing, et al. Slim-neck by

[12] Youwai S, Chaiyaphat A, Chaipetch P. YOLOYtr; a GSConv: a lightweight-design for real-time detector archi-
lightweight model for pavement damage detection utilizing tectures [ J ]. Journal of Real-Time Image Processing,
a generalized efficient layer aggregation network and at- 2024, 21(3) . 62.
tention mechanism[ J]. Journal of Real-Time Image Pro- [19] Zheng Zhaohui, Wang Ping, Ren Dongwei, et al. En-
cessing, 2024, 21(5) : 163. hancing geometric factors in model learning and inference

[13] Carion N, Massa F, Synnaeve G, et al. End-to-end ob- for object detection and instance segmentation[J]. IEEE
ject detection with transformers [ C] // Computer Vision— Transactions on Cybernetics, 2022, 52(8) : 8574-8586.
ECCV 2020. Cham: Springer, 2020 213-229. [20] Zhang Yifan, Ren Weiqiang, Zhang Zhang, et al. Focal

[14] Zhao Yian, Lyu Wenyu, Xu Shangliang, et al. DETRs and efficient IOU loss for accurate bounding box regres-
beat YOLOs on real-time object detection [ C] /2024 sion[ J]. Neurocomputing, 2022, 506 146-157.
IEEE/CVF Conference on Computer Vision and Pattern [21] Chen Xinlin, Lian Qingwang, Chen Xuanlai, et al. Surface
Recognition (CVPR). Piscataway: IEEE, 2024. 16965— crack detection method for coal rock based on improved
16974. YOLOv5[J]. Applied Sciences, 2022, 12(19) : 9695.

[15] Luo Xianglong, Liu Ruchen, He Xibin, et al. A road [22] Arya D, Maeda H, Ghosh S K, et al. RDD2022: a
damage detection model based on improved RT-DETR for multi-national image dataset for automatic road damage
complex environments[ J]. IEEE Transactions on Instru- detection[ J]. Geoscience Data Journal, 2024, 11(4):
mentation and Measurement, 2025, 74. 5037413. 846-862.

[16] Wang Ao, Chen Hui, Liu Lihao, et al. YOLOv10: real- [23] Yang Fan, Zhang Lei, Yu Sijia, et al. Feature pyramid
time end-to-end object detection [ PP/OL]. V2. arXiv and hierarchical boosting network for pavement crack de-
(2024-10-30) [ 2026-02-13]. htips: /arxiv. org/abs/ tection[ J]. TEEE Transactions on Intelligent Transporta-
2405. 14458. tion Systems, 2020, 21(4): 1525-1535.

[17] Hou Qibin, Zhou Daquan, Feng Jiashi. Coordinate atten- [24] Zhang Lei, Yang Fan, Daniel Zhang Y, et al. Road
tion for efficient mobile network design[ C] //Proceedings crack detection using deep convolutional neural network
of the 2021 IEEE/CVF Conference on Computer Vision [CJ//Proceedings of the 2016 IEEE International Confer-
and Pattern Recognition ( CVPR). Piscataway: IEEE, ence on Image Processing (ICIP). Piscataway: IEEE,
2021. 13708-13717. 2016 3708-3712.

Improved YOLOv10n Lightweight Road Crack Detection Model
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Abstract: Aiming at the problem that the existing road crack detection model cannot effectively balance the detec-
tion accuracy, computational complexity and detection speed with poor practical application effect, a lightweight
road crack detection model YOLO-CGVE based on improved YOLOv1On was proposed. Firstly, the coordinate at-
tention (CA) module was used to replace the partial self-attention ( PSA) module to better capture the local and
global relationships in space and improve the capacity to extract features. Secondly, the computational complexity
was reduced by using lightweight GSConv to replace some standard convolutions in the backbone and neck net-
works. Thirdly, the original C2f structure in the neck network was replaced by VoV-GSCSP , which allowed for the
efficient merging of feature maps from various stages and further minimized computing complexity while maintaining
accuracy. Finally, the ECIoU loss function was used to replace the original loss function to improve the detection
box positioning accuracy and convergence speed. The experimental results on RDD2022_China dataset showed that
compared with YOLOv10n, while keeping a high detection speed, the mAP@ 0.5 of YOLO-CGVE was improved by
2. 4 percentage points, reaching 75. 9% , and the number of parameters and the amount of computation were de-
creased by 11. 1% and 9. 8% , respectively. YOLO-CGVE could better meet the application needs in environments
with limited computing resources.

Keywords: road crack detection; YOLOv10n; attention mechanism; loss function; lightweight





